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Abstract—Timely and accurate incident detection is essential
for maintaining the efficiency and resilience of transportation
systems, especially under sparse sensing conditions. This paper
proposes a Masked Spatiotemporal Graph Learning (MSTGL)
framework for robust incident detection using sparse traffic
observations. The framework integrates a spatial graph attention
encoder to model localized traffic interactions and a BERT-
based temporal encoder to capture evolving temporal dynamics.
A masked supervision strategy is introduced during training to
enhance the predictive capability of the traffic state decoder,
which forecasts future traffic conditions from spatiotemporal
embeddings. On top of this, we propose a dual-window anomaly
detection module, which utilizes both short-term and long-term
prediction residuals to identify incident-induced deviations in real
time. The proposed method is evaluated on a campus-scale traffic
network in Singapore with sparse fixed-point camera coverage.
Experimental results demonstrate that the proposed framework
significantly improves detection performance, achieving 17.76 %
higher F1-score compared to state-of-the-art baselines.

Index Terms—intelligent transportation systems, incident detec-
tion, sparse observations, spatiotemporal graph learning, masked
supervision.

I. INTRODUCTION

Stable road traffic operation is essential for maintaining
the overall efficiency of transportation networks. However,
abnormal incidents—such as vehicle breakdowns, roadway
obstructions, or traffic accidents—inevitably occur, occupying
limited road resources and causing serious disruptions. These
incidents undermine network stability and lead to significant
delays. Although it is impossible to completely prevent such
events, rapid and effective responses can significantly miti-
gate their negative impacts [1]. Consequently, the ability to
detect incidents in real time is critically important. Automatic
Incident Detection (AID), as a key component of intelligent
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transportation systems, plays a vital role in enhancing road
safety and improving operational efficiency.

Automatic incident detection methods can be broadly cat-
egorized into direct and indirect approaches [2]. Direct de-
tection methods identify abnormal events by applying image
processing techniques to determine whether incidents have
occurred within a localized detection area. While this approach
is straightforward, it is impractical to install and maintain
camera coverage across an entire road network. In contrast,
indirect detection methods infer the occurrence of incidents
by capturing abnormal changes in traffic flow parameters, such
as speed, volume, and occupancy, resulting from an incident.
Given the widespread deployment of traffic monitoring sensors
(e.g., cameras and ground loop detectors) across the road
network in modern cities, traffic flow data can be easily
and continuously collected [3]. Taking advantage of exist-
ing infrastructure, indirect detection methods provide a cost-
effective solution for achieving real-time automatic incident
detection [4]. However, a notable characteristic of indirect
detection is that traffic sensors are often sparsely distributed,
particularly in large-scale traffic networks [5]. This results in
significant spatial coverage gaps, introducing major challenges
for accurate and timely incident identification.

A lot of studies have explored indirect detection methods
under sparse observation conditions, which can be broadly
categorized into three main types: traffic parameter threshold-
based methods, traffic feature-based classification methods,
and time-series prediction-based methods.

For traffic parameter threshold-based methods, incidents
are detected by monitoring traffic flow parameters (e.g., vol-
ume, speed) and identifying deviations beyond predefined
thresholds. Typical examples include the California Algorithm
and dynamic threshold set [6], [7]. However, these methods
require extensive site-specific threshold calibration, limiting
their adaptability across different networks, and also exhibit
low robustness to noise, leading to a high false detection
rate [8]. With the rise of machine learning techniques, traffic
feature-based classification methods have gained increasing
attention. Traffic features under normal and incident condi-



tions are distinguished by learning from historical traffic flow
data through classifier training such as Bayesian probability
classification [6], probabilistic neural networks [10], Random
Forests [19], and Support Vector Machines [12]. Although
these methods offer improved performance, they suffer from
challenges such as heavy dependence on feature selection,
class imbalance due to the scarcity of incident data, and the
requirement for large amounts of labeled historical data. To
address these limitations, prediction-based methods have been
proposed, which take time-series traffic parameters as input to
predictive models, generate expected values under normal con-
ditions, and identify incidents by analyzing deviations between
predicted and observed values. The effectiveness of prediction-
based methods relies on maintaining stable forecasting of
normal traffic patterns, even when unexpected incidents occur.
Techniques such as Kalman filtering [13], wavelet analysis
[14], and neural network-based [15] forecasting are commonly
used to achieve robust short-term traffic prediction. Addition-
ally, robust criteria for incident detection are essential, often
involving the development of spatiotemporal discriminators to
assess whether observed deviations indicate abnormal events
[16], [17]. Despite the above achievements, these methods
often fail to capture the complex spatiotemporal dependencies
in real-world traffic networks, particularly under conditions of
sparse observations.

To address this issue, we develop a Masked Spatiotem-
poral Graph Learning (MSTGL) framework to enable ro-
bust incident detection under the challenges of sparse sensor
deployments and limited traffic observability. The proposed
method consists of two core modules: traffic state prediction
and incident identification. During traffic state prediction,
a spatial graph attention encoder is employed to capture
localized spatial dependencies, and a BERT-inspired temporal
transformer encoder is used to model dynamic temporal pat-
terns from partially observed traffic sequences. The resulting
spatiotemporal contextualized embeddings are then passed
to a prediction decoder, which maps them to the expected
traffic states at the next time window. To enhance the model’s
ability to learn generalized spatiotemporal correlations under
sparse observations, a masked supervision strategy is inte-
grated into the training process. The outputs of the traffic states
are then passed to the dual-window incident identification
module, which performs real-time detection by modeling the
distribution of relative errors over short-term and long-term
windows and measuring their divergence from a historical
reference using Jensen—Shannon divergence. At last, numerical
experiments are conducted based on a campus-scale traffic
network in Singapore to evaluate the performance of the
proposed method.

II. PROBLEM DEFINITION

We consider a traffic monitoring system deployed over a
road network within a defined area. Traffic incidents—such as
accidents, lane blockages, or vehicle breakdowns—may occur
at any road segment, leading to abnormal traffic patterns that
propagate across the network. Due to infrastructure limitations,

only a subset of mid-segment locations is equipped with
fixed-point cameras that continuously collect real-time traffic
state data. The objective of this system is to infer, in real-
time, potential traffic incidents occurring throughout the entire
road network, based on sparse observations from mid-segment
cameras.

Let ¢ = (V,8,A) denote a road network, where ¢V =
{1,...,v,..., N} denotes the set of N road segments in the
studied traffic network, and & represents the set of edges which
indicates the pairwise connectivity among road segments.
A € RM*XN denotes the spatial adjacency matrix, where
[A];; is set to 1 if road segments v; and v; are physically
connected, and O otherwise. Let © C {/ denote the set of
observed segments, i.e., the road segments equipped with mid-
segment cameras, and U = ¢\ O denote the set of unobserved
segments.

At each time step ¢, the system collects sparse traffic
information on observed links and performs incident detection.
We define the observation matrix X; to represent traffic states
across observed segments in O: X; = {x¥|v € O} € RF*IO],
where ¢ = {z{°lc = 1,...,F} € RY denotes the fea-
ture vector (e.g., traffic volume, speed, occupancy) for road
segment v at time t. A sequence of past observations is
represented by X1, = {X1,..., X;}. Now we formulate the
incident detection task over the road-network graph ¢, which
is decomposed into two tightly coupled subproblems:

o Traffic State Prediction. Given historical traffic obser-
vations X;.; from the observed segments ©, the first
subproblem aims to predict the future state of each
segment v € Y at the next timestep ¢ + 1. Formally,
we seek to learn a prediction function f4:

2/ = fa (X)), Yo e v, (1)

where &7, € R denotes the predicted traffic state
vector at segment v. For unobserved segments (v € U),
predictions must rely solely on learned spatiotemporal
correlations and historical context from observed seg-
ments ©.

o Incident Identification. Given the predicted and ob-
served traffic states at time ¢ 4 1, the second subproblem
aims to detect abnormal traffic incidents on each segment
v € V. The short-term and long-term error distributions
are compared with a historical reference via Jensen—
Shannon Divergence (JSD). Formally, we define a JSD-
based anomaly score DY 't1 € [0,1]. An incident is flagged
if: R

Y >0, 2

where 6 € [0,1] is the incident detection threshold.

III. METHODOLOGY
A. Masked Spatiotemporal Prediction Framework

To address the traffic state prediction problem outlined
above, we propose a Masked Spatiotemporal Graph Model-
ing framework. The framework integrates Graph Attention
Networks (GAT) and BERT-style Transformer encoders to
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Fig. 1: The Proposed Masked Spatiotemporal Graph Learning Framework.

capture complex spatial correlations and dynamic temporal
dependencies from sparse traffic observations. Specifically, the
model predicts traffic states for all segments using only inputs
on observed segments and is optimized via a masked loss that
supervises only the masked outputs. The methodology con-
sists of three major components: (1) Spatial Graph Attention
Encoder, (2) Masked Temporal Transformer Encoder, and (3)
Prediction Decoder.

1) Spatial Graph Attention Encoder: The road network § is
encoded spatially using a GAT to aggregate spatially correlated
traffic states. For each timestep ¢, we first encode the observed
traffic features over all segments (with artificial masking as
detailed in subsequent sections). A GAT layer transforms the
feature vector of each segment v by attending over its spatial
neighbors 71(v), as defined by the adjacency matrix A, to a
spatial embedding hY € R%:

v o_
A

uw€eN(v)U{v}

oy Wal |, YveV, 3)

where W € R¥*F is a learnable projection matrix, o(-) is
a non-linear activation, and «, , denotes the attention weight
between segment v and neighbor u, computed as:

exp (LeakyReLU(a' [Wx} ||[Wx]))
Zkenvu{v} exp (LeakyReLU(aT[W:c;’||W:cf])) 7
“4)

with a € R2?? being a learnable attention vector and ||
denoting vector concatenation. The aggregated embeddings for
all segments at time ¢ are denoted as H; = [h?],cp € RVX9,
which compactly summarize spatial contexts.

2) Temporal BERT-based Encoder: To model the temporal
dependencies across traffic states, we adopt a Transformer
encoder inspired by the BERT architecture, which is par-
ticularly well-suited for masked modeling tasks with irreg-
ular and sparse inputs. For each road segment v € ¥/, we
collect its spatial embeddings a historical window of length
T: H = [hY];—t_741:¢ € RT*4, where h? € R? is
the output of the spatial encoder at time 7 for segment v.
We enrich this sequence with learnable positional encodings

Qy oy =

P € RT*d 3dded element-wise to encode time-step indices,
obtaining: HY = HY + P € RT*?, The BERT encoder with
L transformer layers, including self-attention and feedforward
networks, processes HY and outputs contextualized embed-
dings:

H! = BERT,(H!) € RT*?, (5)

where fIt” = [Eﬁ]T:t,TH;t. We extract the final embedding
h} as the spatiotemporally contextualized representation for
segment v at time .

3) Prediction Decoder: The prediction decoder maps the
contextualized representation hY € R? to the predicted traffic
feature vector &}, , € R”":

@Y, = Ho(hY), Yvel. (6)

By stacking the outputs across all segments, we obtain the
predicted traffic state matrix X;,; € RVXF,

B. Training with Masked Supervision

To enable robust learning under partial observability, we
adopt a masked supervision strategy that simulates real-world
sensor sparsity and encourages the model to learn generalized
spatiotemporal patterns. During training, we assume access
to simulated ground-truth traffic states for all segments v €
¢, allowing the model to learn to predict both observed and
unobserved segments.

At each timestep ¢+ 1, we construct a binary training mask
vector m{$"} € {0,1}" for the prediction at time ¢+ 1, where
mi$[v] is set to 1 if segment v is masked and should be
predicted, and O otherwise. The training mask is constructed
such that: (1) All unobserved segments v € U are always
masked, reflecting the absence of real-time data in deployment.
(2) A random subset of observed segments v € © is also
masked to improve generalization.

Given the prediction produced by the masked spatiotem-
poral prediction framework &}, and the ground-truth traffic
feature vector zy,, € RY collected at time ¢ + 1, the model
is trained by minimizing a masked reconstruction loss:

1
L= S 2

Chanas vey

o] - (| &0, — 20t @)



C. Dual-Window Incident Identification

Given the traffic state prediction outputs, we propose a
dual-window detection framework that identifies abnormal
traffic conditions based on the deviation between predicted and
observed values. For each segment v € ¥ and traffic feature

c € {l,...,C}, the element-wise relative error at time t+1 is
defined as: |£Z+c1 2
v,c
t+1 = ’ (8)
T e

where 2, and x;}, denote the predicted and observed traffic
states, respectively, and € is a small constant to avoid division
by zero. The matrix &1 € RIVIXF collects relative errors for
all segment-feature pairs at time ¢ + 1.

To balance sensitivity to short-term disruptions and robust-
ness against noise, we construct two temporal windows: a
short-term window S and a long-term window L, both aligned
up to time t. A short-term sliding window S captures rapid
fluctuations by including the three most recent time steps,
while a long-term sliding window L provides more stable
error evaluation by including the six most recent time steps.
Each sliding window W € {S,LL} consists of a sequence
of relative error matrices from consecutive time steps, so
we have W = {&_jw41,...,6}, W € RIWIXVXC  For
each segment-feature pair (v, c), the corresponding sequence
of errors is extracted as: W"¢ = [E2°] ¢, jw]|41:¢-

To characterize the distributional behavior of prediction
errors, we apply Gaussian kernel density estimation (KDE)

(W

to each error sequence:
WU ,C
T Z ( ) 7 ©)

where h is the bandwidth parameter, x(-) is the Gaussian
kernel, and py;°(x) denotes the estimated probability density
of relative errors in window W.

To assess the abnormality of current observations, each
window’s KDE is compared to a reference distribution pi“(z),
constructed offline from historical data under normal traffic
conditions. Notably, the reference KDE py serves as a prior
and remains fixed during detection. However, during real
deployment, only a subset of segments © are observed. For
unobserved segments U = ¢\ O, their input features x;"
is unavailable. To overcome this, we impute these unavailable
observations using predictions from a separate model trained
under full supervision. At each time ¢+ 1, this auxiliary model
takes the ground-truth observations from observed segments
as input and outputs predictions for the unobserved segments.
These predicted values are then used as pseudo-observations
&5, to compute relative errors.

We compare the divergence of the reference distribution
with that obtained from both the short-term and long-term
windows. If both windows exhibit significantly different dis-
tributions from the reference, this may indicate an abnormal
traffic state and suggest the potential occurrence of an incident.
To quantify the discrepancy between the error distribution in
the current window and the reference distribution, we employ

Py ()

the Jensen—Shannon divergence (JSD). For each segment-
feature pair (v, c) and sliding window W € {S,L}, the JSD-
based anomaly score is computed as:
1/4}(‘ 213%}&76( )
p ()10g—wcd33 (10)

2/ 7" w (1) + Py (2)

L[ e 2Py (x)
+35 /p (x )logch—d$~

2/ " w (T) + Py (@)

The feature-level dlvergences are averaged to obtain a
segment-level score: DY = & ZC 1 0(Dy°). A final compos-

ite JSD-based anomaly score D" is calculated via a weighted
fusion of short-term and long-term divergence:

D =a- D¢+ (1—a)-Df,

v, __
CDW

(1)

where « is a weighting coefficient. Finally, an incident is
identified on segment v if: DY > 6, where 0 is a predefined
detection threshold.

IV. NUMERICAL EXPERIMENTS

In this section, we utilize the traffic network of a large
campus area in Singapore as an example to experiment with
and evaluate the performance of the proposed method. A living
lab is currently under development at this campus, with a lot of
cameras being installed along bus stops, providing a low-risk,
high-impact opportunity to pilot next-generation transportation
technologies with direct applicability to national mobility
strategies. Fig. 2 shows the layout of the testbed traffic network
and the locations of the deployed cameras. Although the
video-based data collection allows direct observation of real-
time conditions at the sensor locations, the spatial distance
between bus stops, combined with the campus’s hilly and
winding terrain, results in many blind spots where camera
coverage is unavailable. Moreover, due to the frequent heavy
rain and thunderstorms in Singapore, there have been past
incidents where fallen trees blocked roads without timely
detection, leading to prolonged disruptions. The proposed
method can be used to address such challenges by enabling the
timely detection of abnormalities through traffic data, allowing
management authorities to respond promptly and effectively.

Pasir
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Fig. 2: Testbed Traffic Network with Camera Deployment.



A. Data Collection

Since the proposed method requires historical data covering
both normal and abnormal traffic conditions for effective
modeling and testing, and the sensing infrastructure has only
recently been deployed, large-scale data collection is still
ongoing. To address this limitation, for the normal dataset, we
calibrated a range of traffic volumes based on the available
collected data and synthetically generated 600 hours of traffic
data by randomly sampling within this calibrated range. The
synthetic data covers a variety of normal traffic conditions and
was simulated using VISSIM on the campus network. Traffic
parameters at each data collection point were recorded every
five minutes. As a result, approximately 3,000 data points
were obtained for each location, forming the foundation for
subsequent model training and evaluation. The dataset was
split into training, validation, and test sets during the training
process with a ratio of 8:1:1.

We simulated incident scenarios by creating multiple inci-
dent blocks at different locations along various links in the
network and triggering them at varying times over a 30-
hour simulation period, using the first hour as a warm-up.
To capture a wide range of traffic conditions, traffic volumes
entering from A1, BS, and D3 were randomly varied between
200 veh/h and 1500 veh/h for each simulation hour. For each
simulation run, a total of four incidents were generated, and
the process was repeated across 30 random seeds. For each
scenario, traffic parameters were recorded at designated data
collection points, and the trained model was employed to
detect the occurrence of incidents.

B. Result and Discussion

After training the model with 600 hours of historical data,
we obtained a reasonably accurate prediction model with an
MAPE under 13.47%. Using this trained model, we applied
it to detect the simulated incident scenarios. We selected
a weighting coefficient « 0.7 and a global threshold
@ = 0.68 by grid search. The KDE bandwidth parameter
h was calculated by Scott’s rule. The proposed framework
is capable of maintaining second-level inference speeds for
each run, which is sufficient for practical applications. Fig. 3
illustrates the performance of the prediction module under one
such scenario. As shown in the figure, several error peaks
emerge around the time of the incident. The model maintains
high prediction accuracy under normal traffic conditions, while
errors become noticeable during incident periods. Importantly,
the model continues to follow the underlying normal traffic
trend, making the anomaly caused by the incident more
distinguishable through the prediction errors. This validates
the feasibility of using the distribution of prediction errors
as an indirect indicator for incident detection, supporting the
effectiveness of our proposed method.

Fig. 4 illustrates an example of the JSD-based anomaly
scores across different simulated incident scenarios, which
occurred at the 3rd, 10th, 21st, and 25th hour of a 30-
hour simulation period, located at segments A2—-A3, A1-A2,
A3, and A4-AS, respectively. The window length used in
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under an Incident Scenario Simulation.
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Fig. 4: Incident Identifications
under an Incident Scenario Simulation.

this study is 5 minutes [18]. The short-term and long-term
horizons include 3 and 6 windows, respectively, which are
commonly used in traffic prediction. As shown in the heatmap,
four distinct regions with elevated JSD-based anomaly scores
emerge, indicating abnormal shifts in the prediction error
distribution that correspond to potential incidents at specific
spatiotemporal locations.

The predicted incident matrix clearly highlights the affected
regions across both time and space. Notably, these extended
abnormal regions are largely due to the lagging impact of
traffic disruptions, and thus, early detection, particularly at
the onset of an incident, is more critical. From the incident
matrix, we observe that each incident block begins at a specific
segment: the second incident block begins at A1-A2, the third
at A3-A4, and the fourth at A4—AS. These starting points,
located at the top-left of each spatiotemporal block, indicate
the initial locations affected by the incidents and align well

Predicted Incident (0 or 1)

JSD-based Anomaly Score



with the simulation settings. For the first incident, although
the detected region spans a broader range from Al to AS, the
true incident location at A2—A3 is still correctly covered within
the identified block. Additionally, a false positive is detected
at segment Al, but it only lasts for a single time window.

TABLE I: Performance comparison of different detection methods

Model True Positive Rate  False Alarm Rate  F1 Score
Random Forest 0.7925 0.0250 0.6804
Kalman Filter 0.8926 0.0480 0.6103
LSTM + Anomaly Eval. 0.9134 0.0393 0.6624
GSTPL Network 0.9413 0.0339 0.7048
Poposed MSTGL Framework 0.9653 0.0161 0.8348

We further benchmarked the proposed method against sev-
eral existing approaches adapted to our incident detection
setting. Table I reports the true positive rate, false alarm rate,
and F1 score for representative baselines, including Random
Forest [19], Kalman Filter [20], Long-short-term-memory net-
work + anomaly evaluation (LSTM+AE) [21], Graph Spatio-
Temporal Pattern Learning (GSTPL) Network [2]. While most
methods, except for Random Forest, achieve relatively high
detection rates, they also suffer from high false alarm rates.
In contrast, the method proposed in this study achieves both
a high detection rate and a low false alarm rate, resulting
in the highest F1 score among all compared approaches—an
improvement of 17.76% over STGAD, the best-performing
existing method.

V. CONCLUSIONS

In this paper, we proposed an MSTGL framework for
real-time incident detection under sparse traffic observations.
The framework integrates a spatial graph attention encoder
and a BERT-inspired temporal transformer encoder to extract
spatiotemporal features from partially observed traffic data,
and employs a prediction decoder to map these embeddings
to expected traffic states under normal conditions, with a
masked supervision strategy incorporated during training to
enhance generalization under sensor sparsity. A dual-window
incident identification module then detects anomalies in real
time by estimating the distribution of relative errors over both
short-term and long-term windows, and measuring their diver-
gence from a reference distribution constructed from historical
normal traffic conditions. The proposed framework is further
validated on a campus-scale traffic network in Singapore with
limited camera coverage, achieving satisfactory performance
by identifying the incident segment with high detection ac-
curacy and low false alarm rates. Beyond traffic operations,
the method has broader applicability for supporting timely
incident detection by transportation authorities and emergency
response agencies.

Future work may focus on three key directions: integrating
vehicle-mounted sensor data to enhance detection robustness
and applying the framework to real-world incident datasets;
extending the approach to urban traffic networks with more
complex patterns; and improving the method to characterize
and classify incidents such as accidents and roadblocks by
their unique spatiotemporal characteristics.
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