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Abstract—The rapid growth of connected vehicles creates new
opportunities to exploit internet of vehicles (IoV) data for traffic
state estimation (TSE), which is a key enabler of intelligent trans-
portation systems (ITS). In this paper, we propose a cost-effective
TSE framework that leverages sparse IoV data, which significantly
reduces the data collection overhead associated with large-scale IoV
datasets. We further analyze the impact of data sparsification and
show that the induced estimation errors can be well approximated
by Gaussian noise, thereby reformulating sparse IoV-based TSE
as a denoising problem. To enhance estimation accuracy, we de-
velop a spatial-temporal attention model, termed the convolutional
retentive network (CRNet), which integrates convolutional neural
networks (CNNs) for spatial correlation learning with a retentive
network (RetNet) for temporal dependency modeling. Extensive
experiments conducted on a large-scale real-world IoV dataset
validate the feasibility of TSE under sparse IoV sensing conditions.
Notably, even when only 5% of the data is available, CRNet achieves
a mean absolute error (MAE) below 5 km/h, demonstrating both
the high accuracy of the proposed approach and its practical
applicability in real-world scenarios.

Index Terms—Traffic state estimation, internet of vehicle,
spatial-temporal, deep learning, data mining.

I. INTRODUCTION

TRAFFIC state estimation (TSE) is a cornerstone of intelli-
gent transportation systems (ITS), supporting applications

such as traffic management, congestion monitoring, and road
planning through the provision of live, precise traffic state
information [1], [2], [3]. Traditional TSE relies on roadside
sensors, which suffer from limited coverage and high deploy-
ment cost [4], [5]. To this end, the mobile crowdsensing based
on the internet of vehicles (IoV) has emerged as a data-driven
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solution, leveraging vehicle-contributed data to provide wide-
area, real-time sensing across road networks [6], [7], [8], [9],
[10]. This approach, utilizing data such as vehicle speeds and
GPS coordinates, offers a new framework for TSE that not
only achieves broader coverage but also is more cost-efficient
compared to previous methods.

Although IoV-based TSE is promising, acquiring dense and
high-quality IoV data at scale is often infeasible due to pri-
vacy concerns, resource constraints, and communication over-
head [11], [12]. In practice, only sparse IoV data is realistically
available [13], [14]. Therefore, there is a need for a TSE frame-
work that can operate effectively with sparse IoV data collected
from a limited number of connected vehicles distributed across
the city. Existing studies under sparse data conditions typically
formulate TSE as a data imputation problem, assuming that
traffic states at certain locations are accurately observed and
can serve as reliable anchors for inferring missing values [15].
However, this assumption does not hold in realistic sparse-IoV
scenarios, where data sparsity originates at the raw sensing stage
and no observed state can be regarded as fully accurate. In
this work, data sparsification is applied directly to the original
vehicle-level driving data, ensuring that the studied scenario
faithfully reflects raw sensing sparsity rather than relying on
idealized perfect anchors.

A major challenge of using sparse IoV data lies in the reduced
stability and accuracy of TSE results compared with those de-
rived from dense datasets. Nevertheless, accurate TSE remains
achievable under sparse IoV sensing by exploiting appropriate
data processing techniques to compensate for the loss of infor-
mation. This feasibility stems from the inherent characteristics
of transportation systems, in which traffic data exhibit strong
spatial and temporal correlations, leading to substantial redun-
dancy. At the micro level, individual vehicle dynamics follow
well-established car-following models, whereby the speed of a
vehicle is highly correlated with that of its nearby vehicles. As
a result, the speed of a single probe vehicle can, to some extent,
serve as a representative indicator of the traffic conditions within
a local vehicle cluster. At the macro level, urban traffic states
exhibit pronounced spatio-temporal correlations [16]. Road seg-
ments adjacent to congested areas are likely to experience con-
gestion, and traffic patterns evolve gradually over time [17]. By
leveraging these inherent spatio-temporal correlations in urban
traffic dynamics, it becomes feasible to achieve accurate TSE
even with sparse IoV data.
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Capturing spatio-temporal correlations in traffic states poses
significant challenges, especially when accurate estimation must
be derived from sparse IoV data [18], [19]. From a temporal
perspective, estimations directly obtained from sparse IoV ob-
servations often exhibit substantial instability and noise. From
a spatial perspective, the inherent sparsity of IoV data leads to
a dispersed distribution of vehicle observations across the tar-
get region, thereby weakening the effective spatial correlations
among neighboring traffic states. Moreover, the heterogeneity
and structural complexity of urban road networks render traffic
spatio-temporal correlations highly dynamic and nonstationary,
further complicating their accurate modeling [20]. In light of
these challenges, deep learning (DL) approaches, known for
their strong representation learning capabilities, have emerged
as a promising solution for TSE under sparse IoV sensing by ef-
fectively capturing complex spatio-temporal dependencies [21].

In this work, we propose a cost-effective TSE framework that
leverages sparse IoV data and develop a novel spatio-temporal
attention model to recover accurate traffic states from initial
estimations obtained under sparse data conditions. To simulate
sparse IoV data, a small subset of vehicle-level driving records is
randomly sampled from the complete dataset. The urban area is
partitioned into uniformly spaced grid regions, where the traffic
state of each grid is defined as the average vehicle speed in four
travel directions over a fixed time interval. We further observe
that IoV data sparsification leads to degraded TSE accuracy, and
the resulting estimation errors exhibit characteristics consistent
with the central limit theorem. To address this challenge, we
propose a novel spatio-temporal attention model, termed the
convolutional retentive network (CRNet), which mitigates the
adverse effects of data sparsification and enables accurate real-
time TSE by effectively capturing spatio-temporal correlations
inherent in urban traffic dynamics. For spatial correlation mod-
eling, CRNet employs convolutional neural networks (CNNs)
to learn local spatial traffic features. For temporal correlation
modeling, a retentive network (RetNet), which is an attention-
based architecture, is utilized to capture temporal dependencies
in traffic states. Comprehensive experiments conducted on a
large-scale real-world IoV dataset validate the feasibility of TSE
with sparse IoV sensing and demonstrate the effectiveness of
CRNet in improving estimation accuracy. The results show that
the proposed approach achieves high accuracy at a relatively low
cost and outperforms existing methods. The main contributions
of this paper are summarized as follows:
� Framework design for cost-effective TSE: We present a

cost-effective TSE framework that leverages sparse IoV
data by uniformly selecting a small subset of probe vehi-
cles across the entire urban area. This framework enables
accurate TSE while significantly reducing data collection
overhead.

� Theoretical analysis of sparsification effects: We analyze
the impact of IoV data sparsification on average vehicle
speed estimation and show that the resulting errors ap-
proximately follow a Gaussian distribution, in accordance
with the central limit theorem. Based on this insight, we
reformulate sparse IoV-based TSE as a sequential image
denoising problem.

� Model design and experimental validation: We propose
a novel spatio-temporal attention model, CRNet, which
jointly captures spatial and temporal traffic correlations for
robust estimation. Extensive experiments on a large-scale
real-world IoV dataset demonstrate that CRNet achieves
accurate and stable performance even under highly sparse
mobile crowdsensing conditions.

The remainder of this paper is organized as follows. Section II
reviews TSE and related DL approaches. Section III formulates
the TSE problem and presents the corresponding data analysis.
Section IV describes the architecture of CRNet. Section V re-
ports extensive experimental results to evaluate the effectiveness
and performance of the proposed method. Section VI concludes
the paper.

II. RELATED WORK

A. Traffic State Estimation With Sparse IoV Data

The task of TSE is paramount for ITS. The advent of con-
nected vehicles with edge computing has ushered in a new
era of IoV data, which encompasses extensive vehicular driv-
ing information, such as GPS coordinates and driving speeds
across the traffic network [27], [28], [29], [30], [31], [32].
These rich IoV data provide the possibility to perform accurate
TSE. Nonetheless, the granularity of vehicular data is frequently
coarse, attributed to the disparate temporal and spatial distri-
bution of vehicles, coupled with suboptimal data acquisition
practices, culminating in less accurate TSE outcomes. To en-
hance TSE accuracy, numerous studies have focused on the
imputation of missing traffic data, which are either passively
or actively missing. A data completion approach based on the
tensor decomposition method is proposed to recover missing
values in inter-regional traffic data by dividing the target area into
regions [33]. A Laplacian-enhanced low-rank tensor completion
framework is constructed to recover reliable estimates from
incomplete traffic data and achieve good performance under
low observation rates [34]. Meanwhile, there has been growing
emphasis on the development of DL methods for traffic data
imputation in recent years [15]. As summarized in Table I, these
works generally operate under the assumption that the missing
values are confined to specific regions while the available data
are accurate and can serve as reliable anchors.

However, when sparsity originates at the raw data source,
for example when only a small portion of probe vehicles upload
their information, even the observed data do not perfectly reflect
the true traffic state. In such sparse IoV scenarios, existing
imputation-oriented methods become insufficient because they
rely on the premise of locally complete and accurate observa-
tions. This gap highlights the necessity of studying TSE directly
under sparse IoV sensing conditions, where all regions may
suffer from insufficient raw information and accurate reconstruc-
tion must be achieved without assuming perfect anchor states.

B. Deep Learning for Traffic Correlations

Traffic data exhibit rich spatial and temporal correlations due
to the inherent characteristics of transportation systems. With the
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TABLE I
THE SUMMARY OF TYPICAL TRAFFIC STATE ESTIMATION APPROACHES WITH SPARSE OBSERVATION

rapid development of DL paradigms, deep neural networks have
demonstrated strong capability in learning and extracting such
correlations [35], [36], [37], [38], [39], [40], [41], [42]. For spa-
tial feature extraction, CNNs are widely adopted and particularly
effective for gridded traffic representations. In contrast, temporal
correlations must be captured from sequential data. Recurrent
neural networks (RNNs), especially long short-term memory
(LSTM) networks, have been extensively used for modeling
temporal dependencies by alleviating the vanishing gradient
problem. More recently, transformer-based architectures lever-
age self-attention mechanisms to model long-range dependen-
cies and have achieved notable success in traffic data mining
tasks [43], [44], [45]. Building upon these advances, the RetNet
has emerged as a promising successor to the transformer. By
integrating the principles of recurrence and attention through the
retention mechanism, RetNet enables parallel training, low-cost
inference, and strong modeling capability [46]. Consequently,
RetNet is well suited for capturing temporal correlations in
traffic data with high accuracy and efficiency.

Moreover, some DL models are adept at capturing the spatial
and temporal correlations present in input data. Convolutional
LSTM network (ConvLSTM) extends LSTM with convolutional
layers, enabling itself to capture spatial dependencies and long-
term temporal relationships, particularly suited for sequential
grid data [47]. PredRNN developed from RNN is used for
spatial-temporal predictive learning, in which a pair of memory
cells are explicitly decoupled and operate in nearly independent
transition manners [48]. SimVP is a relatively simple video
prediction model consisting of encoder, translator, and decoder
which are completely built on CNN [49]. In SimVP, the encoder
extracts spatial features, the translator learns temporal evolution
by employing inception modules, and the decoder integrates
spatial-temporal features.

Although existing methods can effectively capture spatial and
temporal correlations of traffic states, their capacity to adeptly
learn the distinct properties of initial TSE obtained from sparse

TABLE II
SUMMARY OF NOTATIONS

IoV data is not assured. It is essential to develop novel solutions
that enhance TSE accuracy by leveraging the unique features
of the initial TSE results obtained from sparse IoV data, and
address the instability and inaccuracy issues introduced by data
sparsification.

III. FRAMEWORK AND PROBLEM ANALYSIS

This section presents the TSE framework with sparse IoV
data, introduces the traffic state image representation, analyzes
sparsification-induced errors, and formulates the recovery prob-
lem. For convenience, the major notations in this paper are shown
in Table II.

A. Sparse IoV Data Enabled TSE Framework

The cost-effective TSE framework based on sparse IoV data is
shown in Fig. 1. Instead of discarding data from specific regions,
sparse IoV data are constructed by randomly sampling incoming
vehicle records in real time, such that each record across the
entire urban area has an equal probability of being selected. As
a result, the participation of individual vehicles may vary over
time. The retained probe records are transmitted to the backend
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Fig. 1. The framework of sparse IoV data enabled traffic state estimation: The framework consists of sparse IoV data collection, map matching and grid-based
representation, CRNet-based spatial–temporal modeling, and real-time traffic state recovery.

server via vehicular networks and contain mobility information,
including vehicle speed, travel direction, and GPS coordinates.

The urban area is divided into uniform grid regions, each
representing a small area of the city. For the collected sparse
IoV data, each probe vehicle is assigned to a grid according
to its GPS coordinates. Within each grid, vehicles are catego-
rized into four groups based on their travel directions, namely
East, South, West, and North. The initial TSE is obtained by
computing the average speed of vehicles in each direction, re-
sulting in four directional speed values per grid. This grid-based
representation is analogous to a digital image, in which each
grid corresponds to a pixel and the directional speeds serve
as multiple channels associated with that pixel. We therefore
refer to the grid-structured TSE results derived from sparse
IoV data as traffic state images, which are subsequently refined
by a recovery algorithm to obtain accurate TSE results. Note
that after map matching and grid-level aggregation, minor GPS
positioning errors generally have limited influence on grid-level
traffic states, especially when the grid size is larger than the
expected localization error. Moreover, since CRNet is trained
on large-scale real-world IoV data rather than synthetically
generated data with idealized noise, the learned model implicitly
captures various real-world uncertainties, including localization
noise and map-matching imperfections.

B. Traffic State Image

In this study, we construct traffic state images with a spatial
resolution of H ×W and four channels. The city map is evenly
divided into uniform grids, analogous to pixels in a digital image.
Each grid is associated with four directional traffic speeds (East,
South, West, and North), which are treated as multi-channel
attributes of a pixel. Specifically, for a H ×W gridded city
map, four sub-maps are constructed according to the four driving
directions and subsequently merged to form a complete city map,

Gc =

⎡
⎢⎢⎣
G1,1

c · · · G1,W
c

... Gh,w
c

...

GH,1
c · · · GH,W

c

⎤
⎥⎥⎦, (1)

G = Concat (Gc|c = {1, 2, 3, 4}), (2)

where Gh,w
c denotes the grid located at position (h,w) corre-

sponding to driving direction c, Gc represents the directional
sub-map, and G denotes the complete city map composed of
four sub-maps.

To represent the traffic state of each grid, the average vehicle
speeds in four directions are computed. Given the IoV data
Jt collected at time slot t, which contains complete driving
information of all probe vehicles, each data record is mapped
to its corresponding grid on the predefined gridded city map G.
This mapping yields a grid-structured dataset defined as,

Ft =

⎡
⎢⎢⎣
F 1,1
t · · · F 1,W

t

... Fh,w
t

...

FH,1
t · · · FH,W

t

⎤
⎥⎥⎦, (3)

where Fh,w
t = {vh,w | vh,w ∈ Jt} denotes the set of vehicle

speeds associated with grid (h,w) during time slot t, and vh,w

represents the speed magnitude of a probe vehicle whose GPS
coordinates fall within the spatial bounds of the grid.

To obtain a direction-aware representation of traffic states,
each speed value vh,w is further grouped into directional cate-
gories vh,wc , where c ∈ {1, 2, 3, 4} corresponds to the eastbound,
southbound, westbound, and northbound driving directions, re-
spectively. The average traffic speed in direction c for grid (h,w)
at time slot t is then computed as,

yh,wt,c = Mean
(
vh,wc | vh,wc ∈ Fh,w

t,c

)
, (4)

where yh,wt,c represents the ideal traffic state obtained by aver-
aging the speeds of all probe vehicles traveling in direction c
within the grid. Accordingly, the complete traffic state of a grid
located at (h,w) is given by,

yh,wt = Concat
(
yh,wt,c |c = {1, 2, 3, 4}

)
. (5)
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Fig. 2. An illustration of gridded traffic state images: Traffic state images for four travel directions (East, South, West, and North) are shown, along with the
merged multi-channel representation used for spatial–temporal modeling.

For the entire city map, we integrate all of its grids and denote
the traffic state image at time slot t as,

Y t =

⎡
⎢⎢⎣
y1,1t . . . y1,Wt

... yh,w
t

...

yH,1
t . . . yH,W

t

⎤
⎥⎥⎦. (6)

In summary, Yt represents the traffic state image at time slot
t, where each grid corresponds to a pixel and each directional
traffic speed serves as a channel. Therefore, Yt can be viewed
as a four-channel image with a spatial resolution of H ×W . An
illustration of the gridded traffic state images is shown in Fig. 2.

C. Estimation Error Analysis

When sparse IoV data is utilized instead of the complete
dataset, traffic states can be obtained through the same estima-
tion procedure. However, although the average speed derived
from sparse IoV data remains close to that obtained from the
full data, it exhibits increased noise and instability. Through
theoretical analysis based on the central limit theorem, together
with empirical observations, we find that the estimation error at
each time slot approximately follows a Gaussian distribution.

The procedure for constructing initial traffic state images from
sparse IoV data is described as follows. The sparse IoV data
collected at time slot t is denoted as J

′
t, which is obtained by

randomly sampling from the complete IoV dataset Jt with equal
selection probability for each vehicle record. Using the same
data organization process, the sparse vehicle driving information
collected over a time duration T up to time slot t is organized
as,

St =

⎡
⎢⎢⎣
S1,1
t . . . S1,W

t

... Sh,w
t

...

SH,1
t . . . SH,W

t

⎤
⎥⎥⎦, (7)

where Sh,w
t = {vh,w|vh,w ∈ J ′

t} represents the sparse driving
information of probe vehicles matched to the grid located at
(h,w). Since sparse IoV data is a subset of the complete dataset,
it follows that J ′

t ⊆ Jt and Sh,w
t ⊆ Fh,w

t . Accordingly, the ini-
tial TSE at time slot t derived from sparse IoV data is expressed
as,

Xt =

⎡
⎢⎢⎣
x1,1
t . . . x1,W

t

... xh,w
t

...

xH,1
t . . . xH,W

t

⎤
⎥⎥⎦, (8)

xh,w
t,c = Mean(vh,wc |vh,wc ∈ Sh,w

t,c ), (9)

xh,w
t = Concat (xh,w

t,c |c = {1, 2, 3, 4}), (10)

where xh,w
t denotes the average vehicle speeds obtained from

sparse IoV data at time slot t for the grid located at (h,w).
Theoretical analysis based on the central limit theorem indi-

cates that xh,w
t can be modeled as the ideal traffic state yh,wt

corrupted by Gaussian noise and modulated by a random data-
missing indicator. Specifically, the ideal average vehicle speed
computed from the complete IoV dataset corresponds to the
population mean, whereas the initial average speed derived from
sparse IoV data can be regarded as a sample mean. When only
a limited number of samples are randomly drawn, the resulting
sample mean approximately follows a normal distribution cen-
tered at the population mean [50]. Consequently, the estimation
error induced by data sparsification can be modeled as Gaussian
noise. For grids with insufficient retained probe data, sparsifica-
tion may lead to the absence of valid observations, resulting in
missing initial estimates. Accordingly, the relationship between
xh,w
t and yh,wt can be expressed as

xh,w
t = [yh,wt + g(t, h, w)] · z(t, h, w), (11)

where g(t, h, w) ∼ N(0, σ2
t,h,w) denotes additive Gaussian

noise and z(t, h, w) is a binary indicator accounting for data
missing caused by sparsification. The noise variance σ2

t,h,w

varies across time and space, depending on the number of
retained vehicle records in grid (h,w).

To validate the above analysis, Fig. 3 presents the error distri-
butions induced by data sparsification. In Fig. 3(a), the overall
estimation error exhibits an approximately Gaussian shape with
distortion caused by missing values, while zeroing the errors
of missing grids yields an almost ideal Gaussian distribution.
Fig. 3(b) further shows that the error distributions under different
sparsity levels remain bell-shaped, with reduced distortion as
sparsity decreases. These observations are consistent with the
Gaussian noise model predicted by the central limit theorem.

D. Traffic State Estimation Problem Formulation

The initial average vehicle speeds derived from sparse IoV
data form the initial traffic state images; however, they are
inaccurate compared with the ideal estimates obtained from
complete data and therefore cannot be directly used as the
final TSE results. Based on the above analysis, real-time TSE
with sparse IoV data can be formulated as a recovery problem,
which aims to reconstruct the grid-structured traffic state image
by exploiting spatial and temporal correlations in time-series
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Fig. 3. The distribution of errors caused by data sparsification: Estimation
error distributions are compared under missing data and varying sparsity levels,
validating the statistical characteristics induced by sparse IoV sensing.

traffic state images. Specifically, the inputs to the TSE re-
covery algorithm consist of historical and current initial traf-
fic state images obtained from sparse IoV data, denoted as
[Xt− T + 1, . . . ,Xt− 1,Xt]. The objective is to generate
an accurate traffic state image Y t for the current time slot
that closely approximates the ideal estimation derived from the
complete data. The key to this problem is to capture short-term
spatial-temporal correlations in the input sequence to mitigate
the effects of noise and data loss introduced by sparsification.
Accordingly, the TSE recovery problem can be formulated as
learning a mapping function F(·),

Y t = F([Xt− T + 1, . . . ,Xt− 1,Xt]), (12)

which transforms the initial estimations into an accurate TSE
result for the current traffic state.

IV. METHODOLOGY

In this section, we present CRNet, which enhances initial
TSE by leveraging spatial-temporal traffic correlations. We first
introduce the CNN and RetNet modules for modeling spatial
and temporal dependencies, and then describe the overall archi-
tecture of CRNet.

A. Spatial Correlation Modeling

In our framework, the traffic state is represented as a grid-
structured image with a resolution ofH ×W and four channels.
Spatial correlations of traffic states are naturally embedded in
this image representation, where traffic conditions in a region are
primarily influenced by those in its neighboring areas and the
influence decays with increasing spatial distance. Such localized
spatial dependencies can be effectively captured by CNNs,
which are well suited for grid-structured data. Therefore, we
employ CNNs to extract local spatial features from traffic state
images using learnable convolutional filters.

Specifically, the traffic state images are first processed by
CNNs in a channel-wise manner to capture independent spa-
tial features corresponding to different travel directions. The
convolution operation is formulated as,

X ′
n = CNN(Xn), n = t− T + 1, . . ., t− 1, t (13)

where CNN(·) denotes the convolution operation, Xn ∈
R4×H×W is the initial traffic state image derived from sparse
IoV data, and X ′

n ∈ R4×H×W represents the extracted spatial
features. To further enhance feature expressiveness and enable
interaction across different directions, a fully connected (FC)
layer is applied after the CNN to form the encoder block. This
operation lifts the channel dimension from 4 to C and yields a
high-dimensional latent representation, expressed as,

X ′′
n = FCe(X

′
n), n = t− T + 1, . . ., t− 1, t (14)

where FCe(·) denotes the encoder FC layer and Xn′′ ∈
RC×H×W is the resulting spatial features. Subsequently, a re-
shape operation is applied to organize the spatial features into
sequential inputs for temporal modeling, denoted as,

Ih,w = Concat(xh,w
n |n = t− T + 1, . . ., t− 1, t), (15)

where xh,w
n denotes the spatial feature vector extracted from

X ′′
n at (h,w). The resulting sequence Ih,w ∈ RT×C aggregates

spatial features over T consecutive time slots and serves as the
input for subsequent temporal correlation modeling.

B. Temporal Correlation Modeling

Temporal correlations of traffic states are embedded in the
sequential structure of the processed traffic data. To capture such
correlations, we employ RetNet, a self-attention–based architec-
ture designed for efficient sequence modeling. The input to Ret-
Net consists of traffic features from the previous (T − 1) steps
and the current step t. By combining parallel computation for
training and recurrent inference for deployment, with optional
chunkwise recurrence for long sequences, RetNet enables fast
training, memory-efficient inference, and low-cost deployment,
which makes it suitable for temporal traffic modeling.

To model temporal correlations, we take I ∈ RC×T as the
RetNet input and construct the standard self-attention mecha-
nism as, ⎧⎨

⎩
Q = IWQ,
K = IWK ,
V = IWV ,

(16)
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Fig. 4. The RetNet model for traffic temporal correlation: Illustrations of the
parallel retention and recurrent retention mechanisms used to capture temporal
dependencies in traffic spatial feature sequences.

where Q, K, V are all RT×E matrices and are short for Query,
Key, and Value in turn, T is the number of tokens, E represents
the embedding size,WQ,WK ,WV are learnable neural network
weight matrices. The retention mechanism of RetNet is then
applied to these embeddings to extract temporal dependencies
across time.

We first introduce the traffic parallel retention mechanism,
which enables efficient temporal correlation modeling by sup-
porting fully parallel computation during training. By incorpo-
rating relative positional information into the query and key
representations, the retention mechanism allows RetNet to ag-
gregate information from all time steps. In addition, a predefined
decay matrix D is employed to assign exponentially decaying
importance to historical traffic states while enforcing causal
masking to prevent information leakage from future time steps.
As a result, temporal dependencies can be modeled in a parallel
manner, formulated as,

Q = (IWQ)�Θ,K = (IWK)� Θ̄, V = IWV ,Θ = eiθ,

(17)

Dnm =

{
γn−m n ≥ m
0 n < m

, (18)

Retentionp(I) = (QKT �D)V, (19)

where Θ and its complex conjugate Θ̄ encode relative positional
information for Q and K, and D ∈ RT×T combines causal
masking with exponential decay. The decay factor γ controls the
contribution of historical time steps, assigning lower weights to
traffic states further in the past.

We then introduce the traffic recurrent retention mechanism,
which enables RetNet to perform temporal correlation modeling
with low computational and memory complexity, making it
suitable for efficient and low-latency inference. At each time
step, the retention mechanism takes the current input In ∈ RC

together with a recurrent state Rn that propagates informa-
tion from previous time steps, following a recurrent processing
paradigm similar to recurrent neural networks. During recurrent
inference, the recurrent state and output of the retention mech-
anism are computed as,

Rn = γRn−1 +KT
n Vn, (20)

Retentionr(In) = QnRn, (21)

where Rn denotes the recurrent state at the n-th time step,
Qn, Kn, and Vn are the n-th row vectors of Q, K, and V ,
respectively, and γ is identical to that defined in (18). Here,
In ∈ RC represents the input feature at the n-th time step and
corresponds to the n-th element of the input sequence I .

For long input sequences, we adopt the chunkwise recur-
rent retention mechanism, which combines parallel computation
within chunks and recurrent computation across chunks to im-
prove efficiency and reduce memory overhead. Specifically, the
input sequence I is divided into multiple chunks of equal length.
Parallel retention is applied within each chunk, while recurrent
retention is performed across consecutive chunks. The retention
computation for the i-th chunk is given by,

Q[i] =QBi:Bi+1
,K[i]=KBi:Bi+1

, V[i]=VBi:Bi+1
,

(22)

R[i] = γBR[i−1] +KT
[i](V[i] � γB−i−1), (23)

Retentionk(I[i]) = (Q[i]K
T
[i] �D)V[i] + (Q[i]R[i−1])� γi+1,

(24)

where [i] denotes the i-th chunk, B is the chunk length, and Q,
K, V , and γ are defined as in (17). The recurrent state R is
identical to that in (20), and I[i] ∈ RC×B represents the input
features of the i-th chunk.

Based on the retention mechanism described above, we fur-
ther adopt the multi-scale retention (MSR) mechanism to en-
hance the performance, efficiency, and robustness of temporal
correlation modeling. MSR assigns different fixed exponential
decay factors γ to multiple retention heads, enabling the model
to capture temporal dependencies at different scales and from
diverse perspectives. The multi-scale retention mechanism is
formulated as,

headj = Retention(I), j = 1, 2, . . ., u (25)
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Fig. 5. The CRNet model for traffic spatial-temporal correlations: The model consists of an encoder for spatial feature extraction, a RetNet block for temporal
correlation modeling, and a decoder for recovering the traffic state at the target time slot.

where Retention(·) can operate in parallel, recurrent, or chunk-
wise recurrent modes depending on the input sequence charac-
teristics, u denotes the number of retention heads, and j indexes
the heads. After obtaining the outputs of all heads, the MSR
output is computed as,

N = GN(Concat(headj |j = 1, 2, . . ., u)), (26)

MSR(I) = (Swish(IWG)�N)WO, (27)

where GN(·) denotes group normalization applied to balance the
variances across different heads, Swish(·) is a gating function
that introduces non-linearity into the retention mechanism.

Finally, the RetNet architecture is constructed by stacking
the MSR layer with a feed-forward network (FFN) layer. Given
sparse IoV data I ∈ RC×T as input, the MSR module produces
an intermediate representation M , which is further refined by
the FFN module to generate the output O ∈ RC×T . The overall
computation of RetNet is formulated as,

M = MSR(LN(I)) + I, (28)

O = FFN(LN(M)) +M, (29)

where LN(·) denotes layer normalization.

C. Outcome Decoding

The TSE outcome is decoded from the RetNet output through
a decoder block composed of a FC layer and a CNN layer. The
decoder transforms the extracted spatial-temporal features into
the target traffic state image. Specifically, the sequential traffic
features O produced by RetNet are first reorganized across all
grids to form a traffic state image with shape R(C×T )×H×W .
The FC layer then aggregates the learned spatial-temporal in-
formation and reduces the channel dimension to four, executed
as,

U = FCd(O), (30)

Algorithm 1: CRNet Algorithm.

Input: Traffic state images [Xt−T+1 , . . .,Xt−1 ,Xt ]
Output: Recovered TSE outcome at time slot t
1: for each vehicle driving direction c = 1, 2, 3, 4 do
2: Capture spatial correlation in direction c by CNN.
3: end for
4: Exchange information of different directions and

lift data dimension.
5: Concatenate spatial correlations at different time step

to obtain sequential data for each grid.
6: Capture temporal correlation of each grid by RetNet.
7: Convert the processed sequential traffic data into

grid-structured image format.
8: Integrate the spatial-temporal correlations previously

obtained and reduce data dimension.
9: for each vehicle driving direction c = 1, 2, 3, 4 do
10: Decode the estimation in direction c.
11: end for
12: Export recovered TSE at time slot t as the final

output.

where FCd(·) projects the feature dimension from C × T to 4,
andU ∈ R4×H×W represents an intermediate traffic state image.
Subsequently, a CNN layer is applied to refine the spatial struc-
ture of the decoded traffic states and enforce spatial consistency
among neighboring grids. The final output is obtained as,

Z = CNN(U), (31)

where Z ∈ R4×H×W denotes the recovered traffic state at time
slot t.

D. CRNet Model

The architecture of CRNet is shown in Fig. 5, consisting of
an encoder, a RetNet block, and a decoder. Given a sequence of
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Fig. 6. The flowchart of the experiments: The experimental procedure includes
data sparsification, initial traffic state estimation, CRNet-based spatial–temporal
recovery, and performance evaluation.

traffic state images as input, the encoder applies CNN to extract
spatial correlations from the four directional channels, followed
by an FC layer that fuses directional features and lifts channel
dimension. The resulting features are reshaped into temporal
sequences and fed into RetNet to model temporal dependencies
across T steps. The decoder then maps the processed sequences
back to the grid format via an FC layer and uses CNN to
obtain the final four-channel TSE at time slot t. Algorithm 1
summarizes the forward propagation process.

V. EXPERIMENTS

In this section, we perform extensive simulations with real-
world IoV data to validate the feasibility of the proposed TSE
framework and evaluate the efficacy of the CRNet in achieving
accurate TSE. Initially, we delineate the experimental setup, the
benchmark methods, and the metrics employed for evaluation.
We then analyse the experimental results in detail.

A. Experimental Setup

The experimental evaluation is conducted within the area
enclosed by the fourth ring road of Beijing, covering longitudes
from 116.2610◦E to 116.4920◦E and latitudes from 39.8235◦N
to 39.9930◦N, using real-world IoV data collected over six days
in 2012: Nov. 1, 5, 7, 9, 10, and 11, covering both weekdays
and weekends. The dataset comprises approximately 5.9 to
7.8 million IoV records per day, spanning from 7:30 AM to
10:30 PM. Each record includes basic traffic attributes such as
vehicle speed, travel direction, and GPS coordinates, essential
for TSE. TSE is performed at one-minute intervals, resulting
in 900 estimations per day. Traffic state images are of 80× 80
resolution. Note that the proposed framework is not restricted to
a specific grid resolution and remains applicable across different
resolutions. The sparsity level is defined as the ratio of the
sampled sparse IoV data to the total available IoV data, where
the higher the sparsity is, the more IoV data is sampled. To sim-
ulate data sparsity, we randomly sample the original dataset to
create sparse IoV data. For each record, a uniformly distributed
random number between 0 and 1 is generated; if the number
is smaller than the target sparsity level, that record is selected.
This process ensures that sparse data are randomly and uniformly
distributed, effectively reflecting real-world sensing uncertainty.
The flowchart of the experiment is shown in Fig. 6. All experi-
ments are implemented using MongoDB for data handling and
Python/PyTorch for modeling on a Tesla V100-DGXS-32 GB
GPU platform.

The hyper-parameters are as follows. For the encoder block,
the FC layer comprises one FC network, lifting data dimensions

from 4 to 16. Prior to the RetNet layer, a reshape layer is imple-
mented, performing operations of flattening and concatenating.
The RetNet layer has 2 heads and the dimension of its FFN is
32. The decoder block includes three FC networks within its
FC layer. The batch size is 32 and the loss function is the mean
squared error (MSE). The dataset from Nov. 1 is utilized for
training while the datasets from the remaining five days serve
for testing, aimed at evaluating the robustness and adaptability of
CRNet over a comprehensive time scale including weekdays and
weekends. The model undergoes training for over 200 epochs,
starting with an initial learning rate of 0.001, which experiences
a 10% decay after each epoch.

B. Baselines and Evaluation Metrics

Our study compares CRNet against several benchmark mod-
els, including classic and state-of-the-art spatial-temporal neural
networks:
� Initial: The direct estimation from sparse IoV data.
� HA: An arithmetical operation averages the values of his-

torical and current Initial estimations.
� CNN: A four-layer CNN designed to capture the spatial

correlation of current Initial estimation.
� ConvLSTM: An integration of convolutional operation and

LSTM framework, enabling it to capture both spatial and
temporal correlations [47].

� E3DLSTM: A spatial-temporal model that integrates 3D
convolutions into RNNs [54].

� PredRNN: A recurrent network in which a pair of memory
cells are explicitly decoupled and finally form unified
representations of the complex environment [48].

� SimVP: A simple video prediction model that is completely
built upon CNN [49].

� TAU: A spatio-temporal model which decomposes tempo-
ral attention into intra-frame statical attention and inter-
frame dynamical attention [51].

� WaST: A wavelet-based spatio-temporal framework which
extracts and adaptively controls both low and high-
frequency components via 3D discrete wavelet transform
for faster processing [53].

� SimVPv2: A streamlined spatio-temporal model uses the
Gated Spatial-temporal Attention mechanism to improve
performance and reduce complexity [52].

In this context, the Initial refers to the unprocessed TSE, which
also serves as the input for subsequent DL models. HA computes
the mean of the past 5 minutes values of Initial estimations along
the temporal dimension. CNN leverages the spatial correlation
present in the traffic state image at the current time slot to
perform TSE. Other models are adept at capturing both spatial
and temporal correlations within the historical and current traffic
state images, utilizing the past 20 minutes of Initial estimations
as their input. Table III compares the parameter count and
floating-point operations (FLOPs) of CRNet with some baseline
models. We can see that the CRNet based on Retention employs
fewer parameters and requires substantially less computational
power.
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TABLE III
COMPARISON OF CRNET AND BASELINE MODELS

To quantitatively assess the TSE performance facilitated by
DL models, five evaluation metrics are employed. Let yh,wt

represents the Ideal TSE and ˆ
yh,wt denotes the estimated TSE of

the image grid located at coordinates (h,w) at time slot t, the
metrics are expressed as:

1) Root mean squared error (RMSE):

RMSE =

√√√√ 1

T ×H ×W

T∑
t=1

H∑
h=1

W∑
w=1

|yh,wt − ˆ
yh,wt |2.

(32)

RMSE measures the average magnitude of squared esti-
mation error; smaller values imply higher accuracy.

2) Improved percentage (IPV):

IPV =

×

⎛
⎜⎝1−

√√√√∑T
t=1

∑H
h=1

∑W
w=1 |yh,wt − ˆ

yh,wt |2∑T
t=1

∑H
h=1

∑W
w=1 |yh,wt −xh,w

t |2

⎞
⎟⎠×100%.

(33)

IPV quantifies the relative RMSE reduction over the Initial
estimation; larger values indicate greater improvement.

3) Mean absolute error (MAE):

MAE =
1

T ×H ×W

T∑
t=1

H∑
h=1

W∑
w=1

|yh,wt − ˆ
yh,wt |.

(34)

MAE gives the average absolute deviation; lower values
denote better estimation accuracy.

4) Structural similarity index measure (SSIM):

SSIM =
(2μaμb + C1) · (2σab + C2)

(μ2
a + μ2

b + C1) · (σ2
a + σ2

b + C2)
, (35)

SSIM evaluates similarity between the ideal and estimated
image; higher values preferred.

5) Peak signal-to-noise ratio (PSNR):

PSNR=10 · lg
⎛
⎝ 602

1
H×W

∑H
h=1

∑W
w=1 |yh,wt − ˆ

yh,wt |2

⎞
⎠ .

(36)

PSNR measures reconstruction quality in decibels; higher
values indicate better quality.

Fig. 7. The influence of sparsification: Estimation errors decrease as data
sparsity is reduced, demonstrating the relationship between data density and
TSE performance.

C. Performance Evaluation

In order to illustrate the feasibility of the sparse IoV data en-
abled TSE framework and the effectiveness of the CRNet model,
we conduct a comprehensive experiment including analyzing
the influence of data sparsification, observing the improvement
of the recovered estimation of CRNet compared to the Initial,
and evaluating the performance of CRNet with the other data
recovery methods.

1) Overall Performance: Fig. 7 shows the impact of data
sparsification on TSE accuracy. The box plots show the dis-
tribution of the mean error for each grid in the map over the day
for different levels of data sparsity. As the data becomes sparser,
the median, range, and dispersion of the error values increase.
As sparsity increases from 5% to 90%, RMSE decreases from
15.66 km/h to 2.71 km/h, and MAE decreases from 7.50 km/h to
0.48 km/h. The values and variations of the RMSE consistently
exceed the MAE, suggesting that the sparser the data, the more
abnormal errors tend to be generated, which negatively affects
the accuracy of TSE.

Table IV presents a comparative evaluation of CRNet and
other models for TSE recovery. Model performance is assessed
using five metrics across six sparsity settings ranging from 5%
to 50%. Each row corresponds to a fixed sparsity level, while the
columns report the performance of different models. Compared
with the baseline methods, CRNet consistently demonstrates
superior recovery performance across all sparsity levels. Specif-
ically, CRNet achieves the lowest RMSE and MAE, together
with the highest SSIM and PSNR, indicating more accurate
traffic state reconstructions. Notably, the estimation error of
CRNet remains around 5 km/h even under highly sparse sensing,
which is acceptable for practical TSE applications. Furthermore,
under extremely sparse conditions (e.g., 3% data availability),
CRNet reduces the RMSE by more than 40% compared with
the initial estimation, demonstrating its robustness to severe
data sparsification. These results validate the practicality and
cost-effectiveness of CRNet, showing that accurate TSE can
be achieved using sparse IoV data with substantially reduced
sensing overhead.
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TABLE IV
THE TSE ACCURACY OF THE CRNET AND BASELINE MODELS

Fig. 8. Weights map of 2 heads: Multi-head mechanism enables effective
multi-scale temporal modeling.

Fig. 8 shows the averaged normalized retention weight maps
of two heads. Head 1 focuses on near-diagonal regions, indicat-
ing a preference for short-term temporal dependencies, whereas
head 2 distributes its weights more broadly across historical
steps, capturing longer-term dependencies. This complementary
behavior confirms that the multi-head mechanism enables effec-
tive multi-scale temporal modeling.

2) Temporal Performance: Figs. 9 and 10 show CRNet’s
MAE per minute of TSE compared to the Initial estimation,
spanning five days from 7:30 to 22:30, with sparsities of 5% and
30%, respectively. These figures are plotted in polar coordinates,
with the X-axis representing time in minutes and the Y-axis
representing MAE in km/h. In each polar plot, the orange area
represents the MAE for Initial and the green area represents the
MAE for CRNet. These simulations show the excellent stability
of CRNet performance. The Initial estimated MAE values are
quite high and show a lot of temporal variability, as evidenced by

the irregular orange contours. In contrast, CRNet’s MAE values
show limited temporal variability, with smoother contours in the
green region, suggesting that TSE accuracy improves throughout
the day. CRNet is able to improve TSE accuracy at any time of
the day with stable performance. In addition, CRNet shows good
adaptability. Although there is a significant difference in traffic
shapes between weekdays and weekends as seen in the raw
results, CRNet consistently maintains similar MAE sizes and
trends. For different sparsities from 5% to 30%, the improvement
of CRNet over the Initial is considerable, and its MAE level is
always kept low.

3) Spatial Performance: Fig. 11 shows the traffic states in
Beijing at 1:00 PM on Monday under a sparsity level of 5%
using sparse IoV data, where data sparsification leads to substan-
tial information loss and consequently degrades TSE accuracy.
Fig. 11(a) presents the ideal traffic state estimated from complete
IoV data, in which road structures and overall traffic patterns are
clearly visible. In contrast, Fig. 11(b) shows the initial estimation
derived from 5% sparse IoV data, which contains a large number
of missing grid values, resulting in a more incomplete and am-
biguous representation. By comparison, the CRNet-recovered
estimation in Fig. 11(c) closely matches the ideal traffic state.
This demonstrates that CRNet effectively mitigates the adverse
effects of data sparsification and substantially improves TSE
accuracy under sparse IoV sensing conditions.

Fig. 12 shows the average estimation error for each grid
over a 900-minute period on Monday, highlighting the spatial
distribution of estimation accuracy. Before recovery, the initial
estimation shown in Fig. 12(a) is dominated by orange–red
regions, indicating large errors exceeding 20 km/h across most
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Fig. 9. Comparison of MAE (km/h) between CRNet and the initial at 5% sparsity: MAE distributions over different time periods across multiple days are shown,
demonstrating that CRNet consistently reduces estimation errors compared with the initial estimation under highly sparse IoV data.

Fig. 10. Comparison of MAE (km/h) between CRNet and the initial at 30% sparsity: MAE distributions over different time periods for multiple days are shown,
demonstrating that CRNet consistently outperforms the initial estimation under moderate data sparsity.

Fig. 11. The TSE outcomes visualization on Monday 1:00 PM at 5% sparsity: Traffic state maps obtained from complete data, sparse initial estimation, and
CRNet recovery are compared, illustrating the effectiveness of CRNet in reconstructing spatial traffic patterns under sparse IoV sensing.
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Fig. 12. The accuracy improvement of CRNet on Monday 1:00 PM at 5% sparsity: Spatial distributions of estimation errors before and after CRNet recovery
are shown, highlighting the significant error reduction achieved by the proposed method.

Fig. 13. The CDF of average error on Monday: Average speed error distribu-
tions for different models are compared, showing the advantage of CRNet.

grids. After CRNet recovery, Fig. 12(b) shows that the majority
of grids shift toward the yellow–green range, with estimation
errors largely reduced. Fig. 12(c) depicts the spatial distribution
of average error reduction achieved by CRNet, with several
regions showing reductions exceeding 50 km/h.

Furthermore, Fig. 13 presents the cumulative distribution
function (CDF) of the average estimation error over a 900-
minute period on Monday, facilitating a comparative evaluation
of CRNet against other DL models. The CDF curves indicate
that CRNet consistently yields lower estimation errors than all
baseline methods. The magnified inset further confirms that the
CDF curve of CRNet remains above those of the other models,

Fig. 14. Visualization of estimated traffic speed comparison: CRNet improves
estimation accuracy compared with the initial estimation, especially under highly
sparse sensing.

demonstrating its clear advantage in achieving accurate TSE
under sparse IoV sensing conditions.

4) Individual Grid Performance: Fig. 14 shows the recov-
ered traffic speed under varying data sparsity levels, comparing
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CRNet with both the Initial and Ideal estimations. In this figure,
when no vehicle data are collected during a given time slot, the
Initial speed is set to 0 km/h. At 20% data sparsity, the Initial
estimation yields an RMSE of 5.309 km/h, whereas CRNet
leverages short-term spatial-temporal correlations to reduce the
RMSE to 3.025 km/h. The improvement is even more pro-
nounced at 5% data sparsity: the frequent occurrence of missing
data causes the Initial estimations to frequently default to 0 km/h,
resulting in an RMSE of 23.321 km/h, while CRNet reduces this
error to 4.389 km/h. Notably, although the Initial estimated speed
fluctuates around the Ideal speed, these fluctuations become
more severe as the available data decreases, thereby degrading
estimation accuracy. In contrast, even when data are extremely
sparse, CRNet effectively recovers missing information to pro-
duce estimates that closely approximate the Ideal speed. These
findings demonstrate that CRNet significantly enhances TSE ac-
curacy under limited data conditions, making it a robust solution
for real-time TSE in sparse data scenarios.

VI. CONCLUSION AND FUTURE WORK

In this paper, we have proposed a cost-effective TSE frame-
work based on sparse IoV data. We have theoretically shown
that sparsification errors approximately follow a Gaussian dis-
tribution and have reformulated the problem as a sequential
data denoising task. To address this challenge, we have devel-
oped the CRNet, which jointly exploits spatial and temporal
correlations for robust estimation. Extensive experiments on a
large-scale real-world IoV dataset have confirmed the feasibility
of sparse IoV-based TSE, showing that CRNet achieves reliable
performance even with only 5% of data, where the MAE re-
mains below 5 km/h. The main contributions of this study have
included the establishment of a cost-effective framework, the
provision of theoretical insights into sparsification errors, and
the design of an accurate and robust spatial-temporal model.
For future work, we will explore diffusion-based techniques
as a complementary refinement mechanism to further enhance
estimation accuracy and robustness, while carefully consider-
ing lightweight or selective designs consistent with the cost-
effectiveness objective of this work, and extend the proposed
framework to traffic flow prediction for forecasting future traffic
dynamics.
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