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A Physics-Regularized Multiscale Attention
Network for Spatiotemporal Traffic Data

Imputation
Zhenjie Zheng, Yulin He, Zhengli Wang, Wei Ma Member, IEEE

Abstract—Spatiotemporal traffic data imputation is a fun-
damental task in numerous smart mobility applications.
Existing studies indicate that accurately estimating missing
values from observed data relies on capturing the spatiotem-
poral dependencies in traffic data. However, such dependen-
cies may exhibit distinct characteristics across varying spa-
tiotemporal areas, such as local short-term traffic fluctuations
versus global long-range periodic commuting patterns. The
comprehensive multiscale nature of dependencies in traffic
data, encompassing more than just local and global levels, has
not been well explored in the literature. To address this issue,
we propose a physics-regularized multiscale attention net-
work (PRMAN) that hierarchically extracts spatiotemporal
features from local dynamics to global trends. Specifically, the
proposed PRMAN builds upon the novel Swin Transformer
and introduces a hierarchical architecture that performs self-
attention in local spatiotemporal windows. By systematically
expanding the window size across layers, this hierarchical de-
sign explicitly addresses the distinct characteristics between
local and global spatiotemporal dependencies at different
scales. Meanwhile, a physics-regularized loss function is
developed to align learned spatiotemporal dependencies with
traffic dynamics described by the fundamental diagram.
This improves the model’s generalizability beyond the train-
ing data, ensuring robust performance on unseen datasets.
Numerical experiments on multiple benchmark datasets
demonstrate that our proposed PRMAN achieves state-of-
the-art performance in handling diverse and complex missing
data patterns. The code and model are publicly available at
https://github.com/2222ad/PRMAN.

Index Terms—data imputation, spatiotemporal dependen-
cies, multiscale attention, hierarchical architecture, physics-
regularized neural network

I. INTRODUCTION

SPATIOTEMPORAL traffic data, which capture traffic
states across different time intervals and road seg-

ments, are fundamental to modern smart cities. However,
such data are often incomplete across both spatial and
temporal dimensions due to various factors, such as sen-
sor malfunctions that lead to missing spatial coverage
and random communication failures that affect temporal
consistency [1], [2]. For example, it is reported that
approximately 30% of the traffic sensors in the California
Performance Measurement System (PeMS) are malfunc-
tioning [3]. Similarly, traffic sensors in Beijing have been
reported to experience intermittent failures, resulting in up
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to 25% missing data [4], [5]. These missing data impair
the quality of traffic datasets, reducing their reliability and
effectiveness in various smart mobility applications [6].
Therefore, it is essential to develop effective imputation
methods to estimate missing values and reconstruct com-
plete traffic datasets.

Existing studies have widely recognized that capturing
the inherent spatiotemporal dependencies in traffic data
is fundamental to traffic data imputation [7]–[9]. Early
studies primarily utilize time series methods, such as
the autoregressive integrated moving average (ARIMA)
model [10] and vector autoregressive (VAR) model [11]
to characterize the temporal dependencies of traffic data
while neglecting the spatial correlations. Later, various
matrix or tensor decomposition methods [12], [13] are
developed to address both spatial and temporal depen-
dencies, which effectively enhance the data imputation
performance. However, these methods typically rely on
the low-rank assumption and overlook the critical domain
knowledge, such as the spatiotemporal traffic dynamics
described by the fundamental diagram [3], [14]. Conse-
quently, they may struggle to capture the underlying causal
mechanisms that govern the evolution of traffic states
across temporal and spatial dimensions. Meanwhile, with
the success of neural networks, various deep learning mod-
els, such as Autoencoders (AE) [15], [16], Convolutional
Neural Networks (CNN) [17], and Graph Neural Networks
(GNN) [18], have been widely used to capture spatiotem-
poral dependencies in traffic data and produce impressive
results. More recently, Transformer-based approaches have
gained significant attention and demonstrated strong per-
formance in capturing long-range or global spatiotemporal
dependencies [19], [20]. The self-attention mechanism,
which dynamically weighs input features based on their
relevance, enables attention-based methods to effectively
handle complex missing data patterns [21], [22].

While existing studies have systematically examined the
spatiotemporal dependencies in traffic data, the distinct
characteristics that these dependencies exhibit across dif-
ferent spatiotemporal scales remain underexplored. Note
that some research leverages both global and local in-
formation [14], [23] for traffic data imputation. However,
their methods lack explicit mechanisms to hierarchically
model spatiotemporal dependencies across multiple scales.
Furthermore, they do not guarantee that the learned spa-
tiotemporal dependencies align with established domain
knowledge, which may compromise the model general-
izability. More specifically, local short-term congestion
propagation between adjacent roads caused by incidents or
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Fig. 1. An overview of the proposed physics-regularized multiscale attention network.

bottlenecks usually exhibits rapid and spatially contiguous
interactions. These local traffic dynamics are dominated by
physical propagation rules, like car-following theory [14].
In contrast, global long-term traffic patterns reflect overall
conditions and trends of the traffic system, such as gradual
traffic slowdowns during adverse weather events (e.g.,
heavy snowfall) and widespread city-wide congestion dur-
ing peak hours. This indicates that global trends often in-
volve delayed and spatially dispersed dependencies, unlike
local dynamics. Consequently, existing methods [20], [24],
[25] that do not explicitly handle multiscale spatiotemporal
dependencies or incorporate domain knowledge warrant
further investigation. In light of this, applying physics-
regularized self-attention across varying spatiotemporal
areas appears to perfectly address the above issues.

In this study, we propose a physics-regularized multi-
scale attention network (PRMAN) to address the afore-
mentioned challenges. The overview of our work is il-
lustrated in Fig. 1. The proposed PRMAN builds upon
the Swin Transformer while introducing a modified self-
attention mechanism that explicitly incorporates spa-
tiotemporal coordinates. Specifically, it first partitions the
input data into non-overlapping spatiotemporal windows
and performs local self-attention within each window.
To capture the spatiotemporal dependencies at different
scales, the PRMAN employs a hierarchical architecture
that progressively expands the window size across lay-
ers. This allows the network to effectively characterize
local traffic dynamics within individual windows while
gradually integrating global trends over broader spatiotem-
poral areas. Subsequently, windows are shifted between
successive layers to enable cross-window interactions and
information exchange between adjacent roads and time
intervals. Meanwhile, a physics-regularized loss function
is developed to enforce consistency between the learned
spatiotemporal dependencies and the traffic dynamics
described by the fundamental diagram. Such domain
knowledge improves the model’s generalization to unseen
datasets and enhances its robustness against data anoma-

lies. We validate our proposed PRMAN by conducting
numerical experiments on multiple benchmark datasets.
The inaccuracies in these data, such as those arising from
atmospheric delays and signal reflections in urban environ-
ments [26], [27], are carefully examined and effectively
mitigated through the integration of domain knowledge
[3]. Results demonstrate that our model achieves state-of-
the-art performance under various complex missing data
patterns. .

We summarize the main contributions of this research
as follows:

• We develop a multiscale attention network with a
novel hierarchical architecture that progressively ex-
pands window sizes across layers for traffic data
imputation. This effectively captures local traffic dy-
namics within individual windows while gradually
integrating global trends over broader spatiotemporal
areas;

• A physics-regularized loss function is incorporated
into the network to enforce consistency between the
learned spatiotemporal dependencies and the traffic
dynamics described by the fundamental diagram,
thereby improving model generalization and robust-
ness; and

• Numerical experiments on multiple benchmark
datasets show that our model consistently achieves
state-of-the-art performance under a variety of com-
plex missing data patterns.

The remainder of this paper is organized as follows.
Section II reviews the related literature on traffic data
imputation. Section III outlines our problem setting. Sec-
tion IV elaborates on the proposed PRMAN. Section V
presents the implementation details and training proce-
dures. Section VI presents the numerical experiments,
which demonstrate that our model outperforms the base-
line methods across multiple benchmark datasets. Finally,
the conclusions and future research directions are dis-
cussed in Section VII.
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II. LITERATURE REVIEW

In this section, we provide a detailed review of existing
studies on spatiotemporal traffic data imputation. Early
studies primarily address missing values by treating the
spatial and temporal dimensions separately. For example,
some studies employed autoregressive models, such as
ARIMA [10] and VAR [11], to capture temporal autocor-
relation, while others used spatial interpolation techniques
like k-nearest neighbors (KNN) [28] to estimate missing
values. However, these methods fail to simultaneously
capture the spatial and temporal dependencies in traffic
data. Additionally, they often rely on oversimplified as-
sumptions of linearity [29] and local smoothness [30],
leading to suboptimal performance in scenarios that re-
quire integrated spatiotemporal reasoning [31], [32].

Later, various matrix and tensor decomposition methods
have been proposed to model spatiotemporal dependencies
and address the above limitations. For example, Tan et al.
[33] employed a truncated nuclear norm to approximate
tensor rank and formulate an efficient iterative algorithm
based on the alternating direction method of multipliers
(ADMM) to capture complex spatiotemporal patterns in
traffic data. Jia et al. [34] integrated periodicity, road
similarity, and temporal coherence into the matrix fac-
torization method to further enhance the characterization
of spatiotemporal dependencies. Lei et al. [35] integrated
Gaussian process (GP) priors into the matrix factorization
framework to reconstruct missing data while preserving
spatial and temporal dependencies. For high-dimensional
traffic data spanning multiple days, Chen et al. [13]
extended the Bayesian probabilistic matrix factorization
model to higher-order tensor decomposition methods. To
efficiently process large-scale data, Chen et al. [36] pro-
posed the low-tubal-tank smoothing tensor completion
(LSTC) model that decomposes the large problem into a
series of smaller subproblems. However, these methods of-
ten assume low-rank data structures and fail to account for
critical traffic-specific correlations, such as spatiotemporal
traffic dynamics governed by the fundamental diagram.
Consequently, they may struggle to capture the intrinsic
spatiotemporal evolution of traffic states governed by
traffic domain knowledge.

Meanwhile, driven by the success of neural networks,
deep learning methods have been widely adopted for
traffic data imputation. Preliminary studies mainly em-
ployed simple neural networks to capture spatiotemporal
relationships in traffic data. For example, Duan et al. [15]
developed a denoising stacked autoencoder for traffic data
imputation with consideration of both temporal and spatial
factors. Che et al. [37] utilized a Recurrent Neural Net-
work (RNN) model that accounts for spatial and temporal
missing data patterns. Chen et al. [38] leveraged gener-
ative adversarial networks (GANs) to generate realistic
traffic flow data, thereby improving the accuracy of traffic
flow imputation and enhancing the reliability of traffic
predictions. Subsequently, researchers have explored more
advanced architectures by integrating multiple fundamen-
tal neural network models to further improve the model
performance [8], [39], [40]. For example, Jin et al. [41] de-
veloped a spatiotemporal graph neural network (STGCN),

which combined a graph convolutional network (GCN) for
spatial dependency extraction with recurrent convolutional
modules for temporal modeling. Similarly, Liang et al.
[42] proposed an inductive graph neural network model
that integrates a residual gated temporal convolutional
network to capture temporal patterns from long sequences.
The model also exploited the generalization of GNNs by
incorporating masked learning and an adaptive memory-
based attention mechanism to learn the implicit spatial
correlations within networks.

Recently, Transformer-based methods have gained sig-
nificant attention for their ability to capture global spa-
tiotemporal dependencies. For example, Zhang et al. [43]
introduced a self-attention generative adversarial network
that integrates a self-attention mechanism, an autoencoder,
and a GAN for traffic data imputation. Yang et al. [44]
proposed a novel approach that combines spatiotemporal
learnable bidirectional attention mechanisms with a GAN
to estimate missing values. Similarly, Liu et al. [24]
introduced spatio-temporal adaptive embedding (STAE), a
novel component that enhances the performance of vanilla
Transformers for traffic data imputation. Subsequent in-
novations, such as spatiotemporal attention mechanisms
[25] and low-rankness-induced Transformers [20], have
also been developed to further improve data imputation
accuracy and robustness.

Despite the promising performance of these deep learn-
ing models, their ability to capture spatiotemporal depen-
dencies in traffic data remains limited due to two key
aspects. First, most deep learning models in the literature
overlook the multiscale nature of spatiotemporal traffic
dependencies. Consequently, they cannot well address the
unique characteristics of multiscale dependencies across
varying spatiotemporal areas. For example, Transformer-
based methods [20], [25] applied self-attention globally
across all tokens, limiting their ability to effectively model
spatiotemporal dependencies at multiple scales. Although
some studies have leveraged both global and local infor-
mation for traffic data imputation [14], [23], their methods
lacked explicit mechanisms to hierarchically model spa-
tiotemporal dependencies across multiple scales. Second,
the robustness and generalization of deep learning models
highly rely on data quality and availability. Consequently,
their performance may degrade in the presence of data
anomalies and limited training data. Incorporating traffic
domain knowledge helps mitigate the challenge by filtering
out inconsistencies and guiding the model toward more
robust representations.

III. PROBLEM STATEMENT

In this study, we focus on estimating missing traffic
speed values from partially observed data under complex
missing patterns. Let E = {e1, · · · , ei, · · · eI} be the set
of loop detectors. These loop detectors are sequentially
installed on roads from upstream to downstream. Simi-
larly, let T = {t1, · · · , tj , · · · tJ} denote the set of time
intervals. For any given i and j, a unique detector at a
specific time interval can be determined. The observed
traffic data is represented as a two-dimensional matrix X
of size I × J , where xi,j denotes the speed recorded by
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detector i during time interval j. Furthermore, we define
a mask matrix M = {mi,j} to indicate whether the data
at row i and column j is observed. Mathematically, this
can be formulated as follows:

mi,j =


1, if xi,j is observed;

0, otherwise.
(1)

To summarize, the input to our model is the speed
matrix X , which contains missing values and is similar
to those used in existing studies [45], [46]. The cell
size in the speed matrix is determined by the reporting
interval and the spacing between detectors. It is important
to note that this study addresses a variety of missing
data patterns, including random missing, linear missing,
block missing, and their combinations. Accordingly, the
mask matrix M is introduced in the PRMAN to provide
a unified method for characterizing the diverse missing
patterns. This mask matrix enables the model to effectively
characterize and accommodate multiple complex missing
patterns, allowing data with different missing patterns to
be utilized simultaneously during the training process. Our
objective is to recover the missing values in X based
on the observed data, represented as X ⊙ M , where ⊙
represents the Hadamard product.

IV. A PHYSICS-REGULARIZED MULTISCALE
ATTENTION NETWORK

In this section, we first present the architecture of the
proposed PRMAN in Section IV-A. We then present the
computational details of PRMAN, including modified self-
attention computation and a shifted window mechanism
in Section IV-B. The loss function that consists of recon-
struction loss and physics-regularized loss is introduced in
Section IV-C.

A. Model architecture

The proposed PRMAN framework processes a dynam-
ically partitioned two-dimensional spatiotemporal matrix
as input. It employs a hierarchical architecture by initially
segmenting the input into small patches and progressively
merging neighboring patches in deeper layers (see Fig.
2). The framework consists of three modules: shallow
feature extraction, hierarchical deep feature extraction,
and spatiotemporal data reconstruction. Additionally, the
mathematical equations supporting the model are detailed
in the Appendix.

1) Shallow feature extraction: Initially, a 3× 3 convo-
lutional layer is employed to extract the shallow features
from the input. Let Input = (X ⊙ M , M) denote the
model input, which has a shape of (I, J, 2). In this context,
X is an I×J matrix containing the observed traffic speed
data. The shallow feature extraction HSF is formulated as
follows:

HSF = Conv2d(Input), (2)

where Conv2d(·) is a convolutional layer. Typically, con-
volutional layers effectively capture early spatiotemporal
features, which improves overall model performance.

2) Hierarchical deep feature extraction: Subsequently,
we develop a Residual Swin Transformer Block (RSTB)
to enable hierarchical deep feature extraction. The RSTB
contains multiple Swin Transformer layers (STL) that
partition the input into non-overlapping spatiotemporal
windows and progressively expand the window size across
layers (see the right-hand black box in Fig. 2). As shown
in the figure, the initial patch size is 4×4 at the first layer.
Then, the patch merging layer concatenates the features of
each group of 2 × 2 neighboring patches. This operation
reduces the number of patches while yielding a larger
patch size of 8× 8 at the second layer. Similarly, a patch
size of 16 × 16 is achieved at the third layer. Impor-
tantly, this hierarchical architecture effectively captures the
spatiotemporal features of traffic data at different scales,
which can enhance data imputation accuracy by leveraging
both local and global dependencies.

To facilitate deep feature extraction, we employ N
RSTBs in this module. Let HDF denote the output of the
module. Let H0 denote the initial input to the RSTB,
and H1, . . . ,Hn, . . . ,HN denote the intermediate feature
representations. The output HDF can be expressed as
follows:

Hn = RSTBn(Hn−1), n = 1, 2, ..., N ; (3)
HDF = Conv2d(HN ). (4)

3) Spatiotemporal data reconstruction: Finally, we im-
pute the missing data by aggregating the extracted shallow
and deep features (i.e., HSF and HDF ). The reconstructed
data X̂ is formulated as follows:

X̂ = Conv2d(Conv2d(HDF ) +HSF ). (5)

It is worth noting that shallow features primarily capture
low-frequency information, whereas deep features focus
on high-frequency information. The proposed PRMAN
utilizes a long skip connection to directly transmit low-
frequency information to the data reconstruction module.
This fusion of both low-frequency and high-frequency fea-
tures enhances the propagation of long-range dependencies
and stabilizes the training process.

B. Shifted window mechanism for self-attention

1) Architectural composition and feature representation
in RSTB: As shown in Fig. 2, the RSTB is composed
of L stacked STLs followed by a convolutional layer,
with residual connections integrated throughout the archi-
tecture. Let STLn,l(·) denote the l-th STL within the n-
th RSTB. Let Hn,0 denote the input to the n-th RSTB.
The intermediate feature representations following each
STL are denoted as Hn,1, · · · , Hn,l, · · · , Hn,L. Mathe-
matically, the Hn,l is formulated as follows:

Hn,0 = Conv2d(Hn−1,L) +Hn−1,0, n = 1, 2, ..., N ; (6)

Hn,l = STLn,l(Hn,l−1), n = 1, 2, ..., N ; l = 1, 2, ..., L. (7)

2) Window partitioning in STL: For STL, it does not
rely on global self-attention that computes the relation-
ships between a token and all other tokens. Instead,
it performs self-attention within partitioned local win-
dows, complemented by shifted window strategies [47].
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Fig. 2. The overall model architecture of our proposed PRMAN framework.

To achieve this, we first partition the input into non-
overlapping windows, where each window consists of M×
M patches. Following window partitioning, the dimension
of each patch is transformed into

⌈
I
M

⌉
×

⌈
J
M

⌉
× M2,

where ⌈⌉ represents the ceiling function. Let C denote
the number of feature dimensions after the embedding
phase. Finally, these patch tokens are projected through
a 2D convolutional layer, then flattened and transposed
into a tensor of dimensions (

⌈
I
M

⌉
×
⌈

J
M

⌉
)×M2 × C. It

is worth noting that the window size gradually expands
across successive STLs, forming a hierarchical represen-
tation that captures both local and global spatiotemporal
dependencies, as detailed in Section IV-A2.

3) Shifted window-based self-attention in STL: The
above window-based self-attention only captures spa-
tiotemporal dependencies within local windows, which
overlooks the dependencies across different windows. To
address this issue, we implement a shifted window parti-
tioning strategy that alternates between two configurations
across successive STLs. As shown in Fig. 3, the first STL
uses a regular window partitioning strategy which starts
from the top-left pixel, and the 8 × 8 feature map is evenly
partitioned into 2 × 2 windows of size 4 × 4 (i.e., M = 4).
Then, the next STL adopts a shifted configuration relative
to the preceding layer, displacing the windows by

⌊
H
2

⌋
pixels from the regular partitioning, where ⌊⌋ represents
the floor function.

As shown in Fig. 4, local self-attention is performed
in two successive STLs: one using window-based multi-
head self-attention (W-MSA) and the other using shifted
window-based multi-head self-attention (SW-MSA). For
each local window Z ∈ RM2×C ,the multi-head self-
attention is computed as follows:

Attention(Q,K, V ) = softmax
(
QKT + P√

dk

)
V ; (8)

Q = ZWQ, K = ZWK , V = ZWV . (9)

P represents the learnable relative two-dimensional po-
sitional encoding, while Q, K, V denote the query, key
and value matrices, respectively. In the multi-head self-

Fig. 3. An illustration of the shifted window mechanism across two
successive STLs.

attention mechanism, this process is repeated multiple
times, with each iteration corresponding to a distinct
attention head that focuses on different aspects of the
input data. Once all heads have computed their respective
attention outputs, these outputs are concatenated to form
a comprehensive representation.

Before performing local self-attention, STL first nor-
malizes the features using layer normalization (LN). After
self-attention computation, the features pass through an-
other LN, followed by a multi-layer perceptron (MLP).
To address the vanishing gradient problem, residual con-
nections are incorporated after both the self-attention and
MLP computations. The complete process is formulated
as follows:

Ẑn = W-MSA(LN(Zn−1)) + Zn−1; (10)

Zn = MLP(LN(Ẑn)) + Ẑn; (11)

Ẑn+1 = SW-MSA(LN(Zn)) + Zn; (12)

Zn+1 = MLP(LN(Ẑn+1)) + Ẑn+1. (13)

C. Loss function

Our loss function is composed of two components:
the reconstruction loss and the physics-regularized loss.
The reconstruction loss quantifies the discrepancy between
the imputed values and the corresponding ground truth.
The physics-regularized loss quantifies the inconsistency
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Fig. 4. Two successive STLs for performing W-MSA and SW-MSA.

between the reconstructed data and the spatiotemporal
traffic dynamics.

1) Reconstruction loss: We use mean squared error
(MSE) to quantify the reconstruction loss, which is defined
as follows:

Lr =

∑I
i=1

∑J
j=1(x̂i,j − xi,j)

2

IJ
, (14)

where xi,j represents the ground true speed from detector i
at interval j and x̂i,j represents the corresponding imputed
value. By minimizing Equation (14), the model learns to
improve its data imputation accuracy.

2) Physics-regularized loss: An essential issue in traffic
data imputation is ensuring that the reconstructed data ad-
heres to established traffic domain knowledge. To this end,
we build upon our previous study [3] and design a similar
physics-regularized loss function based on the fundamental
diagram, ensuring that the reconstructed data is statistically
consistent with the observed data and physically plausible.

Let vc denote the critical speed, with speeds greater than
vc corresponding to free-flow states and speeds lower than
vc corresponding to congested states. According to the
free-flow branch shown in Fig. 5, traffic flow decreases
as traffic speed increases. This relationship implies that
if the upstream speed collected by detector i − 1 at time
interval j is greater than the downstream speed at the same
time (i.e., xi−1,j ≥ xi,j), then the upstream inflow should
be lower than the downstream outflow. Consequently,
the number of vehicles at detector i and time interval
j + 1 should decrease, that is, the corresponding speed
collected by detector i and time interval j + 1 should
increase (i.e., xi,j+1 ≥ xi,j). To enforce this relationship,
any reconstructed data in free-flow states that violate the
constraint should be penalized using the following loss
function:

Lf =
1

(I − 1)(J − 1)

I∑
i=2

J−1∑
j=1

max {−(x̂i−1,j − x̂i,j)(x̂i,j+1 − x̂i,j), 0} .

(15)

A similar loss function can be formulated for the
reconstructed data in the congested states. According to
the congested branch in Fig. 6, traffic flow decreases as
traffic speed decreases. Following the same logic, if the
upstream speed collected by detector i at time interval
j is lower than the downstream speed at the same time
(i.e., xi,j ≤ xi−1,j), then the speed collected by detector i

should further decrease at time interval j+1 (i.e., xi,j+1 ≤
xi,j). The corresponding loss function is formulated as
follows:

Lc =
1

(I − 1)(J − 1)

I∑
i=2

J−1∑
j=1

max {−(x̂i−1,j − x̂i,j)(x̂i,j − x̂i,j+1), 0} .

(16)

Additionally, considering the inherent continuity of
traffic states, the traffic conditions recorded by adjacent
detectors over consecutive time periods should not exhibit
significant variations. In view of this, we design a smooth
loss function to ensure gradual and consistent fluctuations
in the reconstructed traffic data, formulated as follows:

Ls =
1

I(J − 1)

I∑
i=1

J−1∑
j=1

max
{
(xi,j+1 − xi,j)

2 − γt, 0
}
+

1

(I − 1)J

I−1∑
i=1

J∑
j=1

max
{
(xi+1,j − xi,j)

2 − γs, 0
}
,

(17)
where γt and γs are two hyper-parameters used to measure
the acceptable discontinuity of traffic speeds.
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3) Total loss function: The total loss function is de-
fined as a weighted sum of the four aforementioned loss
components, formulated as follows:

Ltotal = Lr + λp(Lf + Lc + Ls), (18)

where λp is a hyper-parameter that balances the impor-
tance of different loss terms. By minimizing the recon-
struction loss and physics-regularized loss, our model not
only ensures accurate imputation of missing data but also
improves its generalization to unseen datasets. It is worth
noting that the physics-regularized loss function is not
used as a strict constraint but as a soft regularization term
in the above equation. It serves as a physics-guided prior
that encourages the reconstructed data to be consistent
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with general traffic flow dynamics while allowing flexibil-
ity for data-driven learning. This design does not enforce a
strict alignment to the expected relationship but penalizes
deviations, thereby accounting for the uncertainty in real-
world traffic data to some extent.

V. IMPLEMENTATION OF PRMAN

We use the Adam optimizer to train the proposed
PRMAN [48]. In the training process, a learning rate decay
mechanism is incorporated to speed up convergence and
reduce the risk of overfitting. During the early training
phase, we observe that the model struggles with data
imputation, which may result in a relatively high physics
loss. To resolve this issue, we implement a saturation
mechanism that caps the physics-regularized loss when
it exceeds a predefined threshold. We also incorporate a
Gaussian noise matrix into the input to mitigate gradient
computation anomalies that may occur when directly pro-
cessing missing values (i.e., empty entries). The detailed
training procedure is outlined in Algorithm 1.

Algorithm 1 PRMAN training process
Input: Observed speed matrix: X;

Binary mask matrix: M ;
Critical speed: vc;
Hyper-parameters: λp, γs, γt;
Number of iterations: Iter.

1: Initialize the weight of all trainable parameters
PRMAN.

2: for i = 1, 2, · · · , Iter do
3: Generate a Gaussian noise matrix Z ∼ N(0, 1).
4: Perturb the model input:(X ⊙M + Z ⊙ (1−M) ,

M).
5: Obtain the model output: X̂ .
6: Calculate the total loss of X̂ using Equation

(IV-C3).
7: Update network parameters with the Adam opti-

mizer.
8: end for

Output: Reconstructed speed matrix X̂ .

Regarding the implementation details, our proposed
PRMAN builds upon the Swin Transformer [47]. Specifi-
cally, we first utilize a 3x3 convolutional layer to extract
low-level features with the embedding layer set to 96 chan-
nels. We then configure four RSTBs, each consisting of six
STLs with a window size of 4, to extract spatiotemporal
features. In each RSTB, the number of attention heads
is set to 6. The data reconstruction layer employs a 3x3
convolutional kernel combined with absolute positional
embeddings applied to each element. Additionally, the
batch size and the initial learning rate are set to 16 and
10−4, respectively. The critical speed is set to 30 km/h.
The model is implemented in PyTorch, and all training and
evaluations are performed on an NVIDIA GeForce RTX
4070 GPU.

VI. NUMERICAL EXPERIMENTS

In this section, we evaluate our model on multiple
real-world traffic datasets and compare its performance

with various traffic data imputation methods. We find
that our proposed PRMAN consistently outperforms these
methods and achieves state-of-the-art performance across
diverse and complex missing data patterns. The datasets
used in our experiments are introduced in Section VI-A.
The baseline methods are described in Section VI-B. The
experimental settings are outlined in Section VI-C, and the
results are presented in Section VI-D. Finally, we conduct
an ablation study and a comprehensive sensitivity analysis
to evaluate the contribution of key model components, as
detailed in Sections VI-E and VI-F, respectively.

A. Dataset description

We collect four publicly available real-world traffic
datasets and select data from six highways to construct our
benchmark datasets. The cell size (i.e., reporting interval
and the spacing between loop detectors) in the speed
matrix is directly derived from the datasets, and we do not
adjust it manually. These datasets have been widely used in
previous traffic studies [7], [20], ensuring their relevance
and validation in the field. Table I provides a summary
of their key characteristics. To ensure consistency across
all datasets, our analysis is confined to the period from
7:00 a.m. to 11:00 p.m., during which data are generally
available. Additionally, all data are aggregated into 5-
minute intervals.

B. Baseline methods

We compare the proposed PRMAN framework with the
following data imputation methods:

• Historic Average (HA): The HA method is a straight-
forward imputation technique that replaces missing
values with the mean of historical data. It is suitable
for time series data when the data exhibit stable
patterns and the proportion of missing values is
relatively low. This method calculates the average
of historical observations and uses it to fill in miss-
ing values, maintaining consistency while preserving
overall trends.

• K-Nearest Neighbor (KNN) [49]: The KNN method
estimates missing values by identifying the K near-
est neighbors based on similarity measures, such as
Euclidean distance. It selects the K most similar
data points and imputes the missing value using their
average or majority value. Essentially, this approach
leverages local correlations in the data to provide
more informed imputations.

• Self-Attention Generative Adversarial Imputation
Network (SA-GAIN) [50]: The SA-GAIN integrates
a self-attention mechanism, autoencoders, and Gener-
ative Adversarial Networks (GANs) to handle miss-
ing data effectively. The self-attention mechanism
enables the model to capture correlations among
spatially distributed sensors over time, enhancing its
ability to process spatiotemporal data.

• ImputeFormer (IF) [20]: This model not only em-
ploys Transformer architectures but also enforces a
low-rank structure on spatiotemporal data to regular-
ize the data imputation. It uses projected attention for
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TABLE I
OVERVIEW OF THE UTILIZED DATASETS.

Dataset Access link Description

METR-LA https://github.com/liyaguang/DCRNN The METR-LA dataset is recorded from 207 loop detectors deployed on highways in Los
Angeles County. The dataset is collected from March 1st, 2012, to June 27th, 2012. It provides
a comprehensive representation of highway traffic conditions, offering detailed measurements
of traffic speed and flow.

PEMS04 https://github.com/Davidham3/
ASTGCN/tree/master/data/PEMS04

The PEMS04 dataset is derived from the Performance Measurement System (PeMS) in
California. It includes data from over 300 sensors and offers comprehensive traffic speed
and flow information across various road segments. The traffic data are recorded at 5-minute
intervals from January 1, 2018, to February 28, 2018.

Seattle dataset https://github.com/zhiyongc/
Seattle-Loop-Data

The Seattle dataset is collected from loop detectors installed on major roads in Seattle, USA.
It covers the entire year of 2005, with traffic speed and flow recorded at 5-minute intervals,
offering a detailed overview of urban traffic conditions.

SanDiego dataset https://data.transportation.gov/
Automobiles/San-Diego-Test-Data-Sets

The SanDiego dataset, provided by the U.S. Department of Transportation, is sourced from
the traffic monitoring system in SanDiego, California. It contains data collected from 2007 to
2010, covering traffic speed, flow, and density.

temporal dynamics and embedded attention for spa-
tial correlations. Additionally, a Fourier sparsity loss
is applied to constrain the spectral structure learned
by the model. By combining low-rank modeling with
deep learning, this approach strikes a balance between
inductive bias and high expressivity, enhancing its
generalizability for a wide range of imputation tasks.

• Bayesian Augmented Tensor Factorization (BATF)
[51]: BATF is an imputation method based on
Bayesian tensor decomposition. It also integrates traf-
fic domain knowledge from transportation systems.
Consequently, BATF automatically learns model pa-
rameters within a fully Bayesian framework for data
imputation.

• Bayesian Gaussian CP Decomposition (BGCP) [13]:
BGCP is also an imputation method founded
on Bayesian tensor decomposition. It extends the
Bayesian probabilistic matrix factorization model to
higher-order tensors and applies this advanced frame-
work to spatiotemporal traffic data imputation.

• Low-Tubal-Rank Smoothing Tensor Completion
(LSTC) [36]: LSTC is a scalable low-rank tensor
learning model designed for large-scale spatiotem-
poral traffic data imputation. In particular, it is
well-suited for multidimensional structures such as
location × time × day in traffic data. Unlike tradi-
tional tensor decomposition methods, LSTC incorpo-
rates linear unitary transformations to enable scalable
tensor nuclear norm minimization.

• Pyramid Vision Transformer (PVT) [52]: PVT is a
well-recognized approach that reformulates image-
based learning tasks as time series modeling problems
through a Transformer architecture. It also introduces
a pyramid structure to generate multi-scale feature
maps for efficient learning.

• Spatio-Temporal Denoising Graph Autoencoder
(STDGAE) [53]: STDGAE effectively leverages
temporal correlations and spatial coherence in
the observed data to recover missing values.
By integrating spatiotemporal graph convolution
layers with a denoising autoencoder, it achieves
state-of-the-art performance in data imputation tasks.

C. Experimental setup

Our proposed PRMAN and the baseline methods are
trained on identical datasets. Specifically, we split the
traffic dataset into training and test sets using an 80:20
ratio. For each dataset, we adopt a method similar to
that outlined in existing studies to generate three distinct
missing data patterns: random, linear, and block missing.
Importantly, to capture the diverse and complex nature of
missing data in real-world applications, we also merge
these patterns to generate mixed missing scenarios for
model evaluation. We use the Mean Absolute Percentage
Error (MAPE) and Mean Squared Error (MSE) to evaluate
the data imputation performance. Mathematically, these
metrics are defined as follows:

MAPE =

I∑
i=1

J∑
j=1

(1−mi,j)

∣∣∣∣ x̂i,j − xi,j

xi,j

∣∣∣∣
× 100%∑I

i=1

∑J
j=1(1−mi,j)

;

(19)

MSE =

∑I
i=1

∑J
j=1(1−mi,j)(x̂i,j − xi,j)

2∑I
i=1

∑J
j=1(1−mi,j)

, (20)

where
∑I

i=1

∑J
j=1(1 − mi,j) indicates the total number

of unobserved data points.

D. Experimental results

1) Comparative analysis of our model and baseline
methods: We first conduct benchmark experiments with
a missing data rate of 30%. Table II presents the data
imputation performance for our proposed model alongside
the baseline methods. Specifically, Columns 1 and 2 report
the data imputation methods and data missing patterns,
respectively. Columns 3 through 14 report the MSE and
MAPE of these methods across different datasets. Note
that both the Seattle dataset (i.e., Seattle005 and Seat-
tle405) and the SanDiego dataset (i.e., SanDiego005 and
SanDiego015) provide two sets of traffic speed data from
different highways. For the HA method, imputation values
are computed as the average of the first five days of the
corresponding data. For the KNN method, the number of
clusters is set to five. The tensor decomposition methods
employ the same parameter settings as reported in their

https://github.com/liyaguang/DCRNN
https://github.com/Davidham3/ASTGCN/tree/master/data/PEMS04
https://github.com/Davidham3/ASTGCN/tree/master/data/PEMS04
https://github.com/zhiyongc/Seattle-Loop-Data
https://github.com/zhiyongc/Seattle-Loop-Data
https://data.transportation.gov/Automobiles/San-Diego-Test-Data-Sets
https://data.transportation.gov/Automobiles/San-Diego-Test-Data-Sets
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respective papers. Similarly, the SA-GAIN and Impute-
Former models use configurations consistent with their
original implementations, with only minor modifications to
the learning rate to ensure stable and better performance.

From Table II, we find that our model generally out-
performs the baseline methods under various missing data
patterns across multiple datasets. Even when our model
is not the top performer for a specific missing pattern
within a dataset, our performance gap with the best
model remains minimal. We also find that Transformer-
based methods, specifically our proposed PRMAN and
IF, perform best in nearly all datasets. This indicates that
Transformer architectures are indeed effective in capturing
the spatiotemporal dependencies inherent in traffic data.
However, our PRMAN outperforms IF by leveraging a
hierarchical structure that enables the model to capture
both local and global dependencies at different scales
of granularity. Additionally, we find that methods based
on tensor decomposition show the best performance on
some datasets but exhibit inconsistent performance across
others. This is likely because the underlying low-rank or
related assumptions may not strictly hold for all datasets.
Furthermore, for different missing data patterns, the results
reveal that both the MSE and MAPE for random missing
values are significantly lower than those observed for other
patterns. In contrast, the linear, block, and mixed missing
patterns are considerably more challenging to address.

2) Results under different missing rates: We then test
the performance of our model and the baseline methods
under different missing rates. For the sake of clarity, only
those baselines that exhibit strong performance in Section
VI-D1 are reported. Specifically, we evaluate our model
against IF and LSTC on the METR-LA dataset and exam-
ine their performance across missing data rates of 30%,
40%, 50%, 60%, and 70%. The results are summarized in
Table III. We find that our model outperforms the baseline
methods in most cases. Importantly, the MSE and MAPE
of our model exhibit greater stability than those of IF and
LSTC even at a 70% missing rate. This suggests that our
proposed PRMAN can fully utilize the observed data to
maintain robust performance, as long as there is enough
information for accurate imputation. In contrast, other
methods tend to be more negatively affected. These results
demonstrate that the proposed PRMAN can accurately and
robustly impute missing values across diverse missing rate
scenarios.

We further visualize our results using speed contour
plots. Figs. 7 and 8 illustrate the ground truth, input, and
output of our model under different missing data patterns,
with missing rates set at 30% and 70%, respectively. By
comparing the model output with the ground truth, we find
that the proposed PRMAN accurately estimates missing
values even when the missing patterns are complex and the
observed data is limited (see Figs. 8f and 8h). This demon-
strates that the proposed PRMAN exhibits remarkable
performance in capturing spatiotemporal dependencies and
reconstructing traffic data.

E. Ablation study
To enhance model generality, we integrate a physics-

regularized loss function into the Swin Transformer by

leveraging the fundamental diagram. This incorporation
enhances the model’s ability to learn beyond the training
data, which ensures robust performance in previously
unseen scenarios. Additionally, it guides and constrains
the model to produce results that align with physical
laws, which guarantees that the proposed PRMAN remains
effective even when applied to limited and sparse datasets.
In this section, we perform an ablation study to quantita-
tively assess and analyze the contribution of the physics-
regularized loss.

Specifically, we test the model performance by adjusting
the weight of physics-regularized loss λp (0, 0.1, 0.2, 0.5,
1) under a 70% missing rate. The results are summarized
in Table IV. A λp value of 0 indicates that the physics-
regularized loss is not employed in the model. As the
value of λp increases, the influence of the traffic domain
knowledge on data imputation becomes more pronounced.
We find that model with the physics-regularized loss
(λp > 0) consistently outperform the model without it.
Notably, for complex missing patterns (e.g., mixed) where
observed data is limited, models with higher physical
loss weights (e.g, λp = 0.5 and λp = 1) have a
better performance, which aligns with the analysis above.
To summarize, the physics-regularized loss significantly
improves the accuracy and robustness of the model.

F. Sensitivity analysis

In this section, we examine how the neural network’s
parameters, such as the local window size and the number
of RSTB units, influence data imputation performance.
The dataset utilized in this experiment is SanDiego015. We
first test the performance of our model using local window
sizes of 2, 4, 8, and 16, which control the granularity of
feature extraction. In general, a small window size may
limit the model’s ability to capture global features, while
an excessively large window size may introduce redundant
information and impair the model’s generalizability. The
performance of our model under different local window
sizes is summarized in Table V. We find that variations in
the local window size do not significantly affect the MSE
and MAPE, which suggests that the proposed PRMAN is
robust with respect to this parameter. To achieve stable
and satisfactory imputation performance, we recommend
selecting a local window size of 4.

We further examine model performance with respect to
the number of RSTBs and the number of STLs within
each RSTB. In this experiment, the number of RSTBs is
set to 3, 4, 5, 6, and 7, while the number of STLs in
each RSTB is set to 4, 5, and 6. This implies that a total
of 15 distinct configurations are employed to conduct the
experiments. The utilized dataset is SanDiego015, with
all missing data patterns taken into account. As shown
in Fig. 9, we find that neither the number of RSTB nor
the number of STL significantly affects the performance
of our model. This suggests that our model is robust to
these parameter variations, likely due to its hierarchical
architecture, which enables effective extraction of both
local and global features.
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(a) Illustration of the ground truth.
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(b) The input data under a random missing pattern.
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(c) The output results under a random missing pattern.
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(d) The input data under a linear missing pattern.
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(e) The output results under a linear missing pattern.

7:00 11:00 15:00 19:00 23:00
Time

0

16

32

Se
ns

or
 ID

0

50

Sp
ee

d 
(k

m
/h

)

(f) The input data under a block missing pattern.
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(g) The output results under a block missing pattern.
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(h) The input data under a mixed missing pattern.
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(i) The output results under a mixed missing pattern.

Fig. 7. Visualizations of ground truth, input, and output of our model under different missing patterns (30% missing rate).
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(a) Illustration of the ground truth.
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(b) The input data under a random missing pattern.
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(c) The output results under a random missing pattern.
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(d) The input data under a linear missing pattern.
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(e) The output results under a linear missing pattern.
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(f) The input data under a block missing pattern.
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(g) The output results under a block missing pattern.
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(h) The input data under a mixed missing pattern.
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(i) The output results under a mixed missing pattern.

Fig. 8. Visualizations of ground truth, input, and output of our model under different missing patterns (70% missing rate).
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TABLE III
THE PERFORMANCE (MSE/MAPE (%)) OF OUR PROPOSED MODEL AND THE BASELINE METHODS UNDER DIFFERENT MISSING RATES.

Model Type 30% 40% 50% 60% 70%

MSE MAPE MSE MAPE MSE MAPE MSE MAPE MSE MAPE

PRMAN

block 30.24 10.81 35.97 10.88 37.73 11.68 41.76 11.44 50.58 13.61
linear 43.01 14.31 50.43 13.13 51.18 15.25 66.38 14.93 75.15 17.28

random 14.15 6.99 17.28 7.43 18.30 7.99 22.14 8.41 27.75 10.00
mixed 25.75 8.49 31.89 9.44 35.33 12.44 40.76 11.39 47.74 14.92

IF

block 62.74 15.64 61.38 14.16 63.94 14.77 72.44 15.02 86.14 17.63
linear 77.17 17.02 80.11 16.44 85.10 18.45 101.72 18.21 108.78 20.11

random 46.04 12.48 52.20 12.13 56.79 12.54 65.99 13.66 82.25 15.72
mixed 32.57 8.06 37.48 11.18 42.55 13.76 46.76 14.95 52.54 18.57

LSTC

block 53.45 16.87 53.05 15.35 56.18 16.91 64.11 16.46 72.80 18.38
linear 150.93 26.10 143.17 23.00 146.67 25.69 177.14 25.89 189.61 28.85

random 23.73 9.18 24.75 8.78 25.18 9.73 29.66 10.14 35.04 11.42
mixed 63.29 14.86 66.49 14.17 73.39 17.94 85.77 16.93 96.52 21.43

TABLE IV
THE PERFORMANCE (MSE/MAPE (%)) OF OUR MODEL UNDER DIFFERENT λp WITH A 70% MISSING RATE.

Type 0 0.1 0.2 0.5 1.0

MSE MAPE MSE MAPE MSE MAPE MSE MAPE MSE MAPE
block 51.57 14.05 52.60 14.75 58.27 17.14 49.77 13.99 50.84 14.16
linear 75.53 17.11 77.38 18.11 79.70 19.78 71.95 16.92 72.91 17.27
mixed 35.53 13.54 36.99 13.97 37.68 14.23 31.46 12.65 32.82 13.09

random 28.03 10.12 30.27 11.15 34.38 12.73 27.81 10.26 27.83 9.98

TABLE V
THE PERFORMANCE (MSE/MAPE (%)) OF OUR MODEL UNDER DIFFERENT LOCAL WINDOW SIZES.

Type window size = 2 window size = 4 window size = 8 window size = 16

MSE MAPE MSE MAPE MSE MAPE MSE MAPE
block 6.10 2.27 5.28 1.98 6.80 2.48 6.45 2.39
linear 16.53 4.27 15.61 3.86 15.50 4.08 17.52 4.26
mixed 10.22 3.05 9.15 2.75 10.47 3.11 12.23 3.36

random 1.53 1.30 1.22 1.11 1.52 1.29 1.63 1.36

G. Extended discussion on our model

In this study, we mainly focus on developing accu-
rate imputation methods to reconstruct the spatiotemporal
traffic data. In real-world applications, our model can be
further improved by investigating the following aspects.
First, to improve the practical deployment of the proposed
model in real-time applications, it is essential to consider
not only algorithmic efficiency but also the integration of
system-level computation and intelligent resource manage-
ment. Latency-aware resource allocation techniques can
help mitigate computational bottlenecks and enable real-
time inference at the network edge [54]. Second, traffic
data are often spatially skewed due to heterogeneous
sensor deployments (e.g., urban vs. highway areas), and
skew-aware strategies can enhance the model’s scalability
in such uneven environments [55]. Such strategies can
also improve data quality and enhance the accuracy of
data imputation. Finally, the proposed physics-regularized
loss function primarily captures static traffic dynamics. To
enhance the model’s responsiveness to sudden changes in
traffic patterns and bursty congestion events, adaptive re-
source allocation methods may be incorporated as a com-
plementary mechanism [56]. These system-level strategies
represent valuable extensions to our current framework and
will be explored in future work.

VII. CONCLUSIONS

In this study, we develop a physics-regularized mul-
tiscale attention network to estimate the missing values
from partially observed data. The contributions of our
proposed PRMAN come from two aspects. First, the
PRMAN introduces a novel hierarchical architecture that
extracts spatiotemporal dependencies of traffic data in
multiple scales, which is new to the literature. The pro-
posed PRMAN does not rely on global self-attention that
computes the relationships between all tokens. Instead, it
performs self-attention within partitioned local windows.
By progressively expanding the window size across layers,
this hierarchical design effectively captures both local and
global dependencies inherent in traffic data at different
scales, while accounting for their distinct characteristics.
Second, we propose a physics-regularized loss function
based on the fundamental diagram to enforce consistency
between the reconstructed data and the underlying spa-
tiotemporal traffic dynamics. The incorporation of traffic
domain knowledge enhances the model’s generalization
ability beyond the training data, ensuring robust perfor-
mance in unseen scenarios. We conduct extensive numer-
ical experiments on six benchmark datasets to evaluate
the model performance in handling diverse and com-
plex missing data patterns. The results demonstrate that
the proposed PRMAN consistently achieves state-of-the-
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(d) Model performance under a mixed missing pattern.

Fig. 9. Impact of RSTB and STL configurations on the model performance.

art performance compared to existing imputation meth-
ods, including Transformer-based approaches and tensor
decomposition-based techniques.

We outline the future research directions as follows:
• To enhance the scalability and applicability of

PRMAN, it is of great interest to explore transfer
learning techniques that adapt a pre-trained model
from one road network to another with minimal fine-
tuning. This is particularly useful when high-quality
labeled data are scarce in the target domain. Incor-
porating domain adaptation strategies could further
address distributional shifts in spatiotemporal traffic
patterns across different scenarios; and

• To enhance the robustness of PRMAN, another
promising direction is to extend it into a unified
framework that simultaneously removes corrupted
noises and imputes missing values. However, this
problem is particularly challenging due to the limited
information available from observed data with irregu-
lar measurement errors. To address this, incorporating
multi-source data, such as points of interest, popula-
tion density, and network topology may provide a
feasible solution.
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APPENDIX

The mathematical equations used in the proposed model
are detailed as follows.

A. 2D Convolution (Conv2d)

X ∈ RN×Cin×H×W ; (input)

K ∈ RCout×Cin×kh×kw ; (kernel weights)

B ∈ RCout ; (bias)
padding ∈ N; (Padding added to both sides of the input)
stride ∈ N; (Stride of the convolution)

Hout =

⌊
H + 2padding − kh

stride

⌋
+ 1; (output dimension)

Wout =

⌊
W + 2padding − kw

stride

⌋
+ 1; (output dimension)

Yn,c,i,j =

Cin−1∑
c′=0

kh−1∑
p=0

kw−1∑
q=0

Xn,c′

i·s+p−ppad,j·s+q−ppad

· Kc,c′,p,q + Bc. (output)
(21)

B. Layer Normalization (LN)

X ∈ RN×C×H×W ; (input)

γ,β ∈ RC ; (affine parameters)

µn,h,w =
1

C

C∑
c=1

Xn,c,h,w;

σ2
n,h,w =

1

C

C∑
c=1

(Xn,c,h,w − µn,h,w)
2
;

X̂n,c,h,w =
Xn,c,h,w − µn,h,w√

σ2
n,h,w + ϵ

;

Yn,c,h,w = γc · X̂n,c,h,w + βc. (output)
(22)

C. Multilayer Perceptron (MLP)

X ∈ Rdin ; (input)

W(1) ∈ Rdhid×din ,B(1) ∈ Rdhid ;

W(2) ∈ Rdout×dhid ,B(2) ∈ Rdout ;

H = ReLU
(
W(1)X + B(1)

)
(Rectified Linear Unit);

Y = W(2)H+ B(2). (output)
(23)

D. Softmax Function (softmax)

Z ∈ RK ; (input)

P ∈ RK ; (output)

Pi =
exp(Zi)∑K
j=1 exp(Zj)

for i = 1, 2, . . . ,K.

(24)
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