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Abstract—Early anomaly detection in networked sensing is
crucial for maintaining the Quality of Service (QoS), especially
under strict False Positive Rate (FPR) budgets where alarms
must be early and reliable. Existing methods typically learn
normal spatiotemporal patterns from multi-node sensing streams
and raise alarms using reconstruction deviations in a one-class
manner. However, in real freeway monitoring, anomalies exhibit
complex spatiotemporal propagation and the early anomaly
signals are sparse. Meanwhile, traffic streams contain diverse
normal fluctuations that may look abnormal, making them hard
to distinguish from real incidents. Together, these factors make
anomaly propagation hard to capture under strict low-FPR early-
warning settings. To address these challenges, we propose SE-
STGAE, a shapelet-enhanced spatiotemporal graph autoencoder.
It first uses shapelets to extract localized segment-level pre-
cursors, then integrates temporal precursors with propagation-
aware spatial dependencies to improve robustness to normal
fluctuations, and finally applies a tail-emphasized Top-K scoring
rule with pure-normal calibration for reliable early alarming.
Extensive experiments on real-world freeway datasets show
consistent gains over state-of-the-art baselines across datasets and
FPR budgets, delivering earlier detection with localized evidence.

Index Terms—Freeway incidents, QoS-aware detection, spa-
tiotemporal data, shapelet learning.

I. INTRODUCTION

In networked sensing and control systems, early anomaly
detection is crucial for improving the Quality of Service (QoS),
since abnormal events can disrupt system operation [1]. It
must provide early warnings under a predefined False Positive
Rate (FPR) to suppress the impact of anomaly propagation
[2], thereby ensuring the stability of sensing services. A
representative application is large-scale freeway monitoring,
where incidents constitute critical anomalies that may trigger
congestion propagation and service degradation [3]. Therefore,
for such time-sensitive sensing services, reliable early warning
under a low FPR is essential for QoS improvement [4].

Building on high-resolution roadside sensing streams, recent
studies have explored data-driven early anomaly detection
[5]. A dominant paradigm employs spatiotemporal graph [6]
autoencoders and raises alarms using node-level reconstruction
deviations. However, these methods often overlook an impor-
tant fact: early anomalies do not emerge as isolated point-
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Fig. 1: An intuitive example of an anomalous event and its
spatiotemporal propagation.

wise signals, but propagate across both time and space. Node-
level modeling is insufficient to capture anomalous depen-
dencies among nodes [7], calling for segment-level modeling
to capture early anomaly emergence and propagation. As
shown in Fig. 1, when an incident occurs at point A on
the ramp, nearby segments first exhibit a sharp speed drop,
which quickly triggers queuing and congestion at the upstream
point B. As time progresses, the anomaly further spreads
and affects point C on the adjacent mainline, causing traffic
speed to decrease, while farther nodes remain near normal
within the same time window. This observation indicates that
early anomalies emerge as localized, short-lived patterns and
propagate across time and space, which is important for timely
warning and reliable alarms [8].

To develop a method that can model such localized-and-
propagating precursors, three unique challenges arise:

1) How to capture complex anomaly propagation under
sparse early precursors? In real traffic networks, spatiotem-
poral anomaly propagation is complex and hard to charac-
terize. Fig. 1 shows that when congestion occurs at ramp
A, individuals who originally planned to exit via this ramp
may choose to leave at the next exit to avoid the congestion.
Such changes mean that the impact of the anomaly at point A
not only spreads through nearby areas, but can also propagate
beyond physical adjacency to the distant point D [9], slowing
down traffic speed in its surrounding road segments. This



indicates that anomaly propagation is driven not only by spatial
proximity [10], but also by topology-agnostic factors, which is
difficult to capture using only a static adjacency structure [11].
Meanwhile, early anomaly signals are localized and sparse,
further increasing the difficulty of identifying propagation
chains and key precursors.

2) How to distinguish real incidents from diverse normal
fluctuations in traffic networks? In real-world scenarios,
spatiotemporal data naturally exhibit significant variability. For
example, during holidays, traffic demand increases and queues
at some exits cause a sustained speed drop, which further
leads to congestion between ramps and the mainline. Such
common spatiotemporal fluctuations may look abnormal but
are not incidents. More importantly, since normal fluctuations
dominate and incidents are rare, early detection can confuse
weak incident precursors with normal variations, causing false
alarms or missed detections. Therefore, reliably separating
normal fluctuations from true anomalies under complex spa-
tiotemporal variability remains a key challenge.

3) How to identify and prioritize the most informa-
tive precursors from all signals? While early anomalous
precursors can be extracted at the segment-level, only a few
precursor signals are truly informative for early warning. In
the early stage of an incident, only a few locations around
the incident site show clear deviations; similarly, within a
detection window the most discriminative signals often appear
toward the time of official confirmation. Uniform aggregation
can therefore dilute these critical signals with many weak
or irrelevant ones, weakening anomaly features and delaying
alarms. This calls for a mechanism that highlights the most
informative precursor patterns to support timely and reliable
alarming.

To address these challenges, we propose Shapelet-Enhanced
SpatioTemporal Graph AutoEncoder (SE-STGAE) for early
freeway anomaly detection under strict FPR budgets. 1) To
capture early, localized precursors under complex spa-
tial propagation, we introduce Shapelet-Based Local Pattern
Encoding to extract local shape deviations as precursor evi-
dence, and integrate Dynamic Multi-Hop Spatial Enhancement
with dynamic adjacency learning and multi-hop propagation,
allowing spatial dependencies to adapt over time and across
road segments. 2) To distinguish real incidents from normal
fluctuations, we develop a Cross-View Attention and Resid-
ual Field Fusion module that aligns temporal local patterns
with spatial propagation patterns and fuses them through a
time-conditioned residual field, improving robustness to non-
stationary regimes and regular congestion variations. 3) To
identify and prioritize the most informative precursors,
we design Tail-Emphasized Top-/K Scoring for both training
and inference to prioritize the most informative deviations
while keeping false alarms controllable. Overall, SE-STGAE
preserves the reconstruction-based one-class paradigm while
providing clear, localized evidence for early anomaly warning.

Our work has the following contributions:

e We address QoS-aware early anomaly detection under

strict FPR budgets in networked freeway sensing, and

propose SE-STGAE, a shapelet-enhanced spatiotemporal
graph autoencoder.

o We design a spatially-aware shapelet-based temporal en-
coder, where shapelets act as localized temporal proto-
types and are explicitly embedded into a spatiotemporal
modeling framework, enabling robust precursor extrac-
tion under noisy local fluctuations.

o« We propose an adaptive spatiotemporal pipeline with
dynamic multi-hop spatial enhancement and cross-view
attention with residual field fusion, and develop an FPR-
oriented alarming rule via tail-emphasized Top-K scoring
with pure-normal calibration.

o We evaluate the proposed method on three real-world
freeway datasets and show improvements over baselines
under low-FPR early-warning protocols, demonstrating
the effectiveness and robustness of SE-STGAE.

II. RELATED WORK
A. Reconstruction-based Anomaly Detection

Reconstruction-based one-class detectors are widely used
for freeway traffic anomaly detection, as they learn normal
spatiotemporal dynamics from pure-normal data and flag
anomalies via elevated reconstruction errors. Recent bench-
marks such as FT-AED [12] further highlight lane-level, high-
resolution sensing streams and early-event evaluation settings.
To model spatial dependencies, many studies formulate traffic
networks as spatiotemporal graphs [13] and adopt graph
autoencoders or generative frameworks [14, 15] to capture
normal patterns; representative lines also explore adversarial
and cycle-consistent generators for lane-level detection. How-
ever, much of the existing literature focuses on improving
overall reconstruction fidelity or reporting threshold-agnostic
performance, whereas operational deployment often requires
calibrated decisions at strict low-FPR operating points under
QoS budgets [16]. In addition, early-stage deviations are
typically sparse and localized, and global aggregation of devi-
ations may mask weak precursors, yielding limited localized
evidence to support verification and decision auditing [17].

B. Shapelet Learning for Localized Patterns

Shapelets are subsequences that capture salient local pat-
terns in time series and provide explicit localization of sig-
nals [18]. Beyond supervised classification, recent studies in-
vestigate shapelet-based unsupervised representation learning
for multivariate time series [19], aiming to extract general-
purpose local features without labels [20]. Shapelet learning
has also been extended with network-regularized or adap-
tive adjacency constraints to exploit inter-variable relations
in multivariate signals [21], such as incorporating graph-
based relationships into adversarial shapelet learning [22].
Nevertheless, shapelet learning remains underexplored in spa-
tiotemporal graph anomaly detection, where precursor patterns
must be aligned across nodes and remain coherent under
spatial propagation and non-stationary dynamics. These obser-
vations motivate integrating shapelet-based localized signals
into reconstruction-based spatiotemporal graph detectors to



improve sensitivity to early precursors, while supporting clear
and localized decision cues under strict FPR constraints [23].

III. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

We consider a freeway sensing system that provides QoS-
aware early anomaly warning under strict FPR constraints. The
system consists of IV fixed roadside stations. Each station re-
ports a C-dimensional measurement vector at a fixed sampling
interval. We model the sensing network as a graph G = (V, £)
and denote its topology by a static adjacency matrix:

Ay € RV*N, (1)

where [V| = N and A is derived from road topology or
spatial proximity (connectivity or distance along the freeway).
Spatiotemporal Data Stream. Let x, € RV*¢ denote the
C-dimensional observations collected from all N stations at
time index ¢. We operate on sliding windows of length 7":

X¢= {Xt—T+1, .. ,xt} c RNXTXC, 2

where T is the window length. We further provide a time-
context feature e; (time-of-day encoding) as an auxiliary
conditioning signal.

Event Annotations and One-Class Protocol. Let y; €
{0, 1} indicate whether time ¢ is associated with an anomalous
event. Importantly, y; is not used for supervised learning; it is
used only for filtering the training data and for evaluation.
Since anomalous events are sparse and their impacts can
propagate, we adopt a one-class protocol: the training set
Dy, contains only windows verified to be normal, ensuring
a pure-normal learning setting. We also construct a normal
validation set Dy, that follows the same protocol for threshold
calibration.

B. Problem Formulation

Given a sensing window X, the base graph Ay, and the
time context e, our goal is to learn a reconstruction-based one-
class detector that models normal spatiotemporal dynamics
and produces QoS-compliant early-warning decisions under
a target FPR budget. We parameterize the detector as an
encoder—decoder model:

Zy = fa(Xt;A07et)7 Xt = gd’(ztaet)a (3)

where fp(-) maps the input window to a latent representation
z;, and g4(-) reconstructs the window Xj.

One-Class Reconstruction Learning. We learn (6, ¢) on
the pure-normal training set Dy, by minimizing a reconstruc-
tion loss: R

mid)n Exthtr [‘Crec(XhXt)} ) (4)
where L,...(-) measures reconstruction loss and will be instan-
tiated in Section IV to support QoS-aware early warning.

QoS-Aware Inference via FPR Calibration. At test time,
we compute a window-level anomaly score:

$(Xy) = S(Xy, Xy), (5)

where S(-) quantifies how much the window X; deviates from
the reconstructed normal pattern X;. An alarm is raised if
$(X¢) > 7o

To meet a target FPR budget «, we calibrate the threshold
T, using the normal validation set Dy, by setting 7, to
the (1 - a)-quantile of normal scores, so that the empirical
FPR on normal data matches the desired operating point by
construction. The specific design of L,..(-) and S(-) will be
detailed in Section IV.

IV. METHOD
A. Method Overview

As illustrated in Fig. 2, our framework consists of four com-
ponents: Shapelet-Based Local Pattern Encoding, Dynamic
Multi-Hop Spatial Enhancement, Cross-View Alignment and
Residual Field Fusion, and Reconstruction and QoS-Calibrated
Decision. Given an input window, we encode localized tempo-
ral patterns via shapelet matching with a lightweight one-hop
refinement. Then, we learn a dynamic adjacency and perform
multi-hop propagation to enhance spatial features. Following
this, we align and fuse spatiotemporal representations via
cross-view interaction and residual neural fusion to obtain
a unified latent representation. A decoder reconstructs the
input, and anomalies are scored by tail-emphasized Top-K
reconstruction errors with an FPR-calibrated threshold. We
summarize the workflow in Algorithm 1.

B. Encoder

1) Encoder Overview: The encoder maps each input win-
dow to a unified latent representation that captures localized
precursors and spatial propagation. It consists of three stages:
(i) Temporal-Spatial Pattern Representation extracts shapelet-
based local patterns and applies a lightweight one-hop consis-
tency refinement. (ii) Adaptive Spatial Enhancement learns an
adaptive adjacency and performs multi-hop message passing
to capture longer-range dependencies. (iii) Spatiotemporal
Alignment and Fusion aligns the temporal view and the spatial
view via cross interactions, further refines the fused features
using a time-conditioned residual neural field to adapt to
regime shifts. The fused representation is then passed to the
decoder for reconstruction and online decision.

2) Shapelet-Based Local Pattern Encoding: This module
extracts localized temporal patterns from each node’s multi-
variate series, and stabilizes them with a lightweight one-hop
spatial consistency refinement. Since anomalous precursors are
often short and shape-specific and can be diluted by global
aggregation, we adopt shapelet matching to explicitly preserve
local pattern evidence in the representation.

Given a window X; € RVXTXC e denote the multivariate
series of node ¢ as X;; € RT*C For a shapelet length L,
we generate local subsequences by sliding a length-L window
with stride 1:

Xg;‘?ERLXC, u=1,.... W, W=T—-L+1, (6)

where XEZ) is the u-th local segment of node ¢. For each L,

we learn a shapelet pool {S,(L,L)}iil with S € RIXC. To
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find the best-matching subsequence of shapelet p in node ¢, we
compute the distance (e.g., Euclidean distance after flattening
channels):

afs) = vee(x() - vec(s;L>)H2 : (7

where vec(-) concatenates all channels within the segment.
We then summarize the window by the minimum distance for
each shapelet:

L) _
hi, =

#(L)
P

()

“p?

d(u)

o, @®)

min
ue{l,...,W}

U = argmind
u

where hg? is the shapelet response feature of node 7, and
u;ﬂ(pL) records the location of the best-fit subsequence for
localization and interpretation. Intuitively, the min operator
answers whether a prototype-like pattern appears anywhere in
the window, while u* points to where such evidence is located.

For multiple shapelet lengths {L,}, we concatenate re-
sponses from all lengths to form the node-level pattern feature:

h; = Concat(hl(.Ll), o thR)) € RP:, )

where Dy = )" Py, is the total number of shapelet responses.

Localized responses can also be triggered by station-specific
jitters, appearing as isolated activations without neighborhood
support. We thus apply a lightweight one-hop refinement on
the base graph to promote local spatial consistency:

H-= (;(Aoﬂwl), (10)

where H € RNXDs stacks h; over all nodes; A is the
normalized base adjacency; W1 is a learnable projection; and
o(-) is a non-linear activation. The refined tokens H are then
fed to the subsequent spatial enhancement module.

3) Dynamic Adjacency and Multi-Hop Propagation: The
one-hop refinement enforces neighborhood consistency of the
pattern tokens, but it still relies on the static topology and only
captures nearby neighbors. In practice, dependencies among
stations can vary with the sensing context, such as temporary
traffic controls and evolving traffic regimes, and anomalous
impacts may propagate beyond local neighborhoods. To cap-
ture such context-dependent interactions, we learn a residual
dynamic adjacency [11] on top of the base graph Ay, and
perform multi-hop propagation over the updated graph.

We parameterize an unconstrained residual matrix R and
bound its entry-wise scale by tanh(:). To restrict learnable
edges, we apply an adjacency mask M € {0, 1}V*¥:

AA =M0o (a-tanh(R)), (11)
where o > 0 controls the residual amplitude and © denotes

element-wise multiplication. We then update the adjacency and
project it to a valid space consistent with our implementation:

A = RowNorm(II(Ay + AA)). (12)

Here II(-) is a projection operator that enforces structural
constraints on the raw matrix:

I(X) = DiagKeepg  (Sym(Clipy ;)(X))),  (13)



Algorithm 1: End-to-End One-Class Training and
QoS-aware Inference

Input: Pure-normal training set Dy,.; normal validation
set Dyqr; test set Dy.; base adjacency Ag; tail
length m; Top-k parameter k (or ratio p);
target FPR «; loss weights (Ap, A, A\p);
adjacency regularizers (A1, \2).
Output: Trained parameters (6, ¢, AA); threshold 7;
alarms on D;..
1 Initialize (0, ¢) and AA « 0;
2 for epoch + 1 to E do
3 Sample mini-batch {(X¢,e:)} from Dy, ;
4 | X, Lagj < FORWARDAE(X, e;; Ag, AA);
5 Compute Lyody, Ltqir and Lpgrq via
TAILRAMPMSE(X,, X;;m) and
HARDTOPK (X, Xpm, k);
6 L < M Lyody + AeLtait + ALnard + Ladss
7 Update (0, ¢, AA) by backpropagation;
8 Compute validation node errors {r(X)} on D, and
fit a robust normalizer;
9 Compute validation scores {s(X)} on Dy, by
TAILTOPK (r(X); k);
10 Set threshold 7 < Q1_({s(X)});
u foreach (Xy,e;) € Dy do
12 | X, + FORWARDAE(Xy, es; Ag, AA);
13 | s < TAILTOPK(NODEERROR (X}, Xy;m); k);
14 if s; > 7 then
15 | Raise Alarm

where Clipjy ;;(-) clamps entries to [0, 1], Sym(X) = (X +
X T)/2 symmetrizes the matrix to obtain an undirected adja-
cency, and DiagKeep Ao(') preserves the diagonal of Ay to
retain self-connectivity. Finally, RowNorm(-) performs row-
wise normalization so that A is row-stochastic, which is
convenient for random-walk style propagation.

Since A is data-driven, we regularize both the residual
strength and the smoothness of node representations on the
learned graph. Let Z(®) = H be the input token features to
this spatial module, thus Z(®) denotes the tokens of the b-th
sample. We define:

B
1
Lagy = MIAAJL + 2z = ; () L(A)Z?), (14)

where  ||AA]||; discourages dense residual edges,
L(A) =D — A is the graph Laplacian, and the trace term
encourages neighboring nodes to have smooth representations
under the learned connectivity.

Finally, starting from Z©) = H, we perform K-hop

propagation on A to capture longer-range spatial effects:
Hg = MultiHopGCN(H; A), (15)

where Hg denotes spatially enhanced features. The resulting
Hg is then passed to the fusion stage.

4) Cross-View Attention and Residual Field Fusion: The
temporal tokens H capture localized shapelet-consistent pre-
cursor patterns, while the spatial tokens Hg encode context-
dependent propagation on the learned graph. Since these two
views emphasize different information, directly concatenating
or averaging them may fail to exploit cross-view dependencies,
especially when the spatiotemporal coupling varies across
contexts. We therefore use cross-attention to align the temporal
and spatial token sets and to exchange information between
them, and further introduce a time-conditioned residual neural
field [24] to adapt the fused representation to regime shifts.

To condition fusion on time, we construct a normalized
time coordinate ¢ for each sample and obtain its positional
encoding:

ti t
w, if time_step is provided,
c= Thes
1/Tres Z;T:f we, otherwise, (16)
e; = PE(c),

where T,.s denotes the temporal resolution of the window.
When an explicit time-step index is available, we normalize
it to ¢ € [0, 1]; otherwise, we use the normalized cumulative
time coordinate with learnable increments {w;}. PE(-) is the
positional encoder realized by index-based sinusoidal embed-
dings. We then apply cross-view attention to obtain the aligned
representations:

Hr, Hg = CrossAttn(Hp,Hg), Hp =H, 17

where Hp and Hg are the attention-enhanced temporal and
spatial tokens. We form a base fused content by averaging
the two aligned views and generate a time-dependent residual
correction via a residual neural field:

B = (Hr +Hs)/2, AB;= Frnr(B,e). (18)

Here Frnr(-) learns a time-conditioned residual mapping that
adjusts the fused content according to the current temporal
context. Since the correction strength should be content-
adaptive, we predict a sample-wise gate:

v = o(MLP(Pool(B))), B'=B+~-AB,, (19

where Pool(-) is average pooling over the node dimension,
v € RP*! is broadcast to all nodes, and o(-) is the sigmoid
function.

Finally, we fuse the cross-attended tokens with the time-
corrected fused features through a lightweight fusion network:

Hr = ¢([Hr; B')), (20)

where [-; -] concatenates along the feature dimension and ¢(-)
is a two-layer MLP with dropout and normalization. Note that
Hy already incorporates spatial information through cross-
attention, and B’ is computed from both aligned views. The
fused tokens Hp are fed to the decoder to reconstruct the
spatiotemporal signals.



C. Decoder

Given the encoder output z, € RP*? and the learned
dynamic adjacency A € RV*N | the decoder reconstructs the
input window X by progressively mapping the latent code to
node-wise hidden tokens, restoring spatial dependencies via
graph decoding, and generating multivariate temporal signals
for each node. To inject the time context during reconstruction,
we concatenate e; with the latent code:

7 = [Z4;€4]. (21
Here [;-] denotes concatenation along the feature dimension,
B is the batch size, and e; € RE*X% is the time-context

embedding.
We first project z; to node-wise hidden tokens and reshape
them as:

U, = MLP,(z,), (22)

where MLP,(-) outputs a vector in R? x(Ndu)  and U, €

RBE*Nxdu gtacks d,,-dimensional tokens for all N nodes.
To restore spatial correlations in the reconstructed signals,
we apply a multi-hop graph decoding operator over A:

S; = MultiHopGCN(U,; A), (23)

where S; € RE*N*ds denotes the spatially decoded represen-
tations.

Finally, a temporal decoding head maps S; to the multivari-
ate sequence of length 7" for each node and reshapes it back
to the window:

X; = MLP4(S;), (24)

where MLP;(-) outputs T - C values per node, yielding a

tensor in REXN*(TC) and Reshape(-) rearranges it into
Xf € RBXNXTxXC

D. Pure-Normal One-Class Training Objective

QoS-aware early warning requires a training objective that
(i) is sensitive to deviations near the end of a window, where
precursors typically emerge, and (ii) does not rely on anomaly
labels while remaining robust to the fact that anomalous im-
pacts may involve only a small subset of nodes. We therefore
adopt a pure-normal one-class training protocol: the training
set Dy, contains only windows verified to be normal, and event
annotations are used only to filter training samples rather than
supervise the model, avoiding any label leakage.

For a tre/l\ining window (X;, e;) € Dy,, the encoder—decoder
produces X;. We first define the per-time reconstruction error
aggregated over nodes and channels:

1 N C =R 2
Etﬁﬂr == TCZZ (Xt(ia’rv C) 7Xt(ia7-a C)) ) (25)

i=1 c=1

where 7 € {1,...,T} indexes time steps within the window.
To emphasize late-stage deviations without introducing su-
pervision, we decompose the reconstruction objective into a

body term and a tail term of length m. The body loss averages
errors before the tail:

T—m
1
Ebody = T _m § Et,1s
T=1

while the tail loss applies a normalized monotone ramp over
the last m steps:

1 «—m J
Lianl = — WiEt Temti, Wj = ———.
tail m Zj:l jet, T—m+j J % ZT:1 / (27)

(26)

This design reshapes the learning signal toward the window
end while keeping the loss scale stable.

To focus optimization on a small set of high-error nodes,
we introduce a Top-K focused training loss computed from
node-wise tail errors:

C
1 - 2
;= m — E X2, 7, ¢) — X4 (2,7, C ) ,
Tt,i TE{T*min,m,T} C p ( t(Z T C) t(Z T F)

(28)
and form a hard Top-K aggregation loss:
1
,C ard — 7~ i 29
o = 52 2 okt 29

Importantly, Lya.q is used only during training to focus
gradients on a small set of high-error nodes, encouraging
the model to fit normal patterns without being dominated by
widespread benign fluctuations.

When the encoder learns a residual dynamic adjacency A,
we further regularize the learned graph to avoid overly dense
connections and to promote smooth representations under the
learned topology:

Lag; = M|[|AAJ[L + X2 QZ, A), (30)

where AA is constrained by the adjacency mask and Q(Z, A)
enforces Laplacian smoothness of node features Z on A. The
overall objective on the pure-normal set is:

Lirain = ApLbody + AtLiail + AnLhard + Ladj, 3D

where Ay, \¢, A, are non-negative hyperparameters control-
ling the contributions of each loss term, and we optimize
(0, 9, AA) by minimizing the expected loss over Dy,:

min  Ex, e, )~y [Etrain] . (32)

0,0,AA

E. Tail-Emphasized Top-K Scoring

After training on the pure-normal set D, the model is
deployed as an online early-warning detector that must operate
under a target FPR budget . In contrast to the training objec-
tive that shapes model parameters on normal data, inference
follows a fixed scoring-and-thresholding rule: given a test
window (X, e;), the model produces X;, computes a scalar
score S;, and raises an alarm if .S; > 7, where 7, is calibrated
on normal validation data to satisfy the QoS budget.

We start from the element-wise squared reconstruction error:

~

Et(i7 T, C) = (Xt(z7 T, C) - Xt(iv T, C)>2 . (33)



TABLE I: Overall discrimination (AUC) and reconstruction quality (MSE) on three datasets.

Dataset  Metric | STG-RGCN  STG-GAT GCN-LSTM GCN Transformer MLP CCB-GraphGAN Our
FLAED MSE 0.0102 0.0089 0.0119 0.0095 0.0312 0.0122 0.0061 0.0082
AUC 0.67 0.68 0.65 0.70 0.60 0.62 0.73 0.75
PeMS MSE 0.0093 0.0098 0.0107 0.0112 0.0203 0.0126 0.0821 0.0021
€.
AUC 0.54 0.56 0.52 0.52 0.55 0.58 0.54 0.85
XTraffi MSE 0.0487 0.0495 0.0541 0.0528 0.0632 0.0516 0.0467 0.0944
ramnc
AUC 0.59 0.58 0.57 0.54 0.56 0.53 0.62 0.79
TABLE II: QoS-aware early detection on FT-AED under multiple FPR budgets.
Miss Percentage Reporting Delay
Model
20% 10% 5% 2.5% 1% 20% 10% 5% 2.5% 1%
STG-RGCN 8.33% 8.33% 16.67%  3333%  33.33% | -11.55 +£5.28 -7.18 £ 9.62 -8.95 £7.59 -5.81 + 8.62 -1.56 + 8.83
STG-GAT 0% 0% 16.67% 25% 41.67% -14.04 £ 214  -1333 £ 256 -7.75 £ 6.58 -6.11 + 8.81 -1.85 £ 10.01
GCN-LSTM 0% 8.33% 25% 25%  41.67% | -1008 £72  -8.18 4+ 773 683+ 819 5114994 229 +8.11
GCN 0% 16.67% 25% 25% 41.67% -10 + 8.05 -9.85 + 6.50 -9.78 +£ 6.89  -6.67 + 9.17 -3 + 9.56
Transformer 0% 25% 41.67%  66.67%  75.00% -7.25 £+ 6.36 -5 +6.25 243 £835 -1.13 £834  +0.16 + 7.31
MLP 25% 25% 41.67%  58.33%  58.33% -12.33 £ 4.99 -7.44 + 6.38 -6.86 + 6.87 -85 +£5.71 -2.8 + 8.68
CCB-GraphGAN 0% 0% 8.33% 25% 33.33% | -14.08 £ 124 -10.58 £7.31 -7.77 £9.18 -8.22 £ 8.83 -5.06 + 9.61
Our 0% 0% 0% 8.33% 3333% | -14.28 + 335 -11.02 + 598 -9.92 + 690 -8.75 + 4.51 -7.75 + 4.51
To emphasize early-warning sensitivity, we restrict scoring to V. PERFORMANCE EVALUATION
the tail interval of length m, where precursors are more likely 4 g.4in g

to emerge near the window end. We first aggregate errors over
channels to obtain the per-node, per-time tail error:

c
1 .
Ntir = rel CE:1 E.(i,7,¢), 7€{T—m+1,...,T}. (34

We then summarize each node by its strongest deviation within
the tail:
(35)

Sti = max

; Mei,r-
Te{T—m+1,....T}

Since an anomalous event may affect only a small subset of
locations, we form a window-level score by aggregating only
the Top-K node scores:

St:% >

i€TopK ({s+,:}}L,)

(36)

Stis

where TopK(:) returns the indices of the largest K node
scores, and S; is the final score for window X;.

To meet the target FPR «, we calibrate the decision thresh-
old using the normal validation set D, that follows the same
pure-normal protocol:

7o = Quantile; _, ({S; : (X, ;) € Dyar}), (37)

where Quantile; _,(-) denotes the (1 — «)-quantile computed
on normal scores. An alarm is raised if S; > 7,. This
calibration sets the operational low-FPR point directly from
normal validation scores and makes the deployed detector
compliant with the desired QoS budget.

1) Datasets: We conduct experiments on three datasets.

FT-AED [12] is collected on the Interstate 24 near
Nashville, Tennessee. We use the lane-level subset with 196
nodes, where speed, occupancy, and volume data are recorded
every 30 seconds.

PeMS [25] is collected from the California highway system.
‘We use the 1-405 Southbound subset, which includes 114 mon-
itoring stations and the lane-level measurements aggregated at
a S5-minute interval.

XTraffic [26] is built from the California highway system.
We use the subset with 196 stations, and adopt lane-level
measurements aggregated at a 5-minute interval.

2) Data Preprocessing: For all datasets, we construct lane-
level spatiotemporal graphs, where each node is a lane at a
station with three variables: speed, occupancy, and volume.
We segment the multivariate streams into overlapping sliding
windows with length W and stride S.

To enforce pure-normal one-class training, we follow the
event-filtering assumptions in [12] to remove potentially con-
taminated periods from the training set. Specifically, for FT-
AED and PeMS, we allow up to 30-min reporting delay and
exclude an additional 2-hour impact window. For FT-AED
manual anomalies, we assume no delay but still exclude 2
hours after onset. For XTraffic, we use a more conservative
90-min delay and 4-hour impact window.

We apply chronological splits to avoid temporal leakage. For
FT-AED, we train on 14 days, reserve 5 days for testing, and
exclude one day due to excessive anomalies; the test period
contains incidents of interest. For PeMS, we use the first 70%



TABLE III: QoS-aware cross-dataset performance of our method under FPR budgets.

Dataset Miss Percentage Reporting Delay
atase
20% 10% 5% 2.5% 1% 20% 10% 5% 2.5% 1%
PeMS 120% 240%  479%  898%  11.38% | -21.58 &+ 10.74 -17.36 £+ 13.52  -15.79 + 13.98 -14.93 + 13.94  -13.92 + 14.89
XTraffic | 7.96% 17.13%  27.68% 41.710%  48.10% | -20.86 &+ 12.57 -17.11 + 13.86  -11.56 + 15.84  -8.46 + 6.75 -4.78 + 3.86
TABLE IV: Ablation study under the 5% FPR budget SOI:“‘i“ Trislontr—— CCBOMAGAN . o GO LSTM s T s CCB OnghOAN
s
Method Metric FT-AED PeMS XTraffic %0-6 E 0
AUC 0.61 0.79 0.76 Sos 25
w/o Dynamic Adj Miss 25% 25.15% 29.37% o E" 10
Delay -8.83 +4.56 -12.48 4+ 1545  -9.65 + 1645 = 2.
4
AUC 0.63 0.83 0.78 o 1 25 5 10 20 1 2.5 5 10 20
w/o Mu]tiHop Miss 33.33% 10.18% 32.07% False Positive Rate (%) False Positive Rate (%)
Delay  -9.17 & 4.84  -15.17 £ 13.74  -10.17 &+ 15.93 (a) Miss Percentage (b) Reporting Delay
o il ‘;/IUC (2)570/1 zfgslq 3(?-77267 Fig. 3: QoS-aware early detection under FPR budgets.
w/0 la1 1SS 0 . @ . 0
Delay -828 + 649 -13.96 4+ 13.81  -10.96 & 16.90 0.12 Reporting Dol | 03 =
Miss Percentage £ © 10 §
AUC 071 0.78 075 ;Zﬂz;: g g <
wlo Top-K Miss 33.33% 12.57% 29.85% g% 05 50; “’§
Delay  -9.25 4+ 439  -14.64 + 134 922 4+ 15279 &0 2 & 120 =
%004 0= g02 28
AUC 0.75 0.85 0.79 s 002 2 = Reporting Delay 130 &
Our Miss 0% 4.79% 27.68% ' 302 01 e Miss Perontage &
Delay 992 & 690 -15.79 & 1398 -11.56 + 15.84 000 i 20

for training and the remaining 30% for testing. For XTraffic,
we train on the first 10 months and test on the last 2 months.

3) Metrics: To quantify and compare the anomaly detection
performance of the models, we use the following metrics:

Miss Percentage measures the percentage of crash events
that the model failed to detect within a detection window
relative to their official reporting time (lower is better).

Reporting Delay quantifies detection time relative to the
official report (lower is better). It is defined as the mean and
standard deviation of the time difference between the detected
time t4 and the report time ¢,:

Reporting Delay = pu(ty — t,) £ o(tq — tr). (38)

A negative delay indicates earlier-than-report detection.

Reconstruction Error measures the mean squared error
(MSE) on normal traffic windows (lower is better).

AUC is the area under the Receiver Operating Character-
istic (ROC) curve, measuring overall separability across all
thresholds (higher is better).

4) Baselines: We compare our method with six represen-
tative baselines, including spatiotemporal graph autoencoders:
STG-RGCN AE [27] and STG-GAT AE [28], a spatial graph
autoencoder: GCN AE [29], a spatial-temporal hybrid autoen-
coder: GCN-LSTM AE [30], a temporal-only autoencoder:
Transformer AE [31], and a GAN-based lane-level detector:
CCB-GraphGAN [15] that learns normal patterns via cycle-
consistent bidirectional adversarial training and performs de-
tection based on reconstruction errors.

5) Experimental Settings: All experiments are conducted
under PyTorch and accelerated using a single NVIDIA
GeForce RTX 3090 GPU. The batch size is set to 16, and the

25 5 10
False Positive Rate (%)

(a) PeMS

2.5 5 10
False Positive Rate (%)
(b) XTraffic

Fig. 4: Cross-dataset early detection.

number of training epochs is set to 80 across all datasets. For
FT-AED, we set W =60, S =5, and the shapelet configuration
is {(10, 16), (15, 12), (20, 8), (25, 6)} (length, count). For
PeMS, we set W = 24, S = 2, and the shapelet configuration
is {(6, 16), (9, 12), (12, 8), (15, 6)}. For XTraffic, we set W
=48, S = 1, and the shapelet configuration is {(4, 16), (6,
12), (8, 8), (10, 6), (15, 4)}.

B. Overall Performance Comparison

1) Overall AUC and reconstruction quality: TABLE I sum-
marizes AUC and MSE on three datasets. Our method achieves
the best AUC on all datasets, indicating stronger separability
between normal and incident-related traffic. In terms of MSE,
our model is competitive on FI-AED and PeMS, reflecting
effective modeling of normal patterns. Notably, on XTraffic,
several baselines obtain lower MSE but much lower AUC, im-
plying that low reconstruction error does not guarantee reliable
separability under strict FPR-constrained early detection.

2) QoS-aware early detection under FPR budgets: We
evaluate early detection on FT-AED across FPR budgets using
Miss Percentage and Reporting Delay within a +15-minute
window around a crash event. TABLE II shows 0% miss rate
for our method at FPR > 5%. At 1% FPR, our miss rate is
comparable to the strongest baselines while detecting earlier
with lower variance. Fig. 3 further shows that higher FPR
budgets reduce misses for all methods, while our approach
maintains a consistently favorable delay profile.

3) Cross-dataset early detection: On PeMS and XTraffic,
TABLE I shows that most baselines yield near-random AUC,
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Fig. 6: Ablation study on cross-view attention and fusion.

suggesting limited separability for incident-aware early detec-
tion in these settings. Therefore, as shown in TABLE III, we
focus on the QoS-aware results of our method. For PeMS,
we use a +15-minute window, and Fig. 4a shows consistently
low miss rates with negative reporting delays. For XTraffic,
we adopt a £30-minute window due to 5-min sampling and
timestamp uncertainty in multi-source alignment. As shown in
Fig. 4b, our method exhibits stable gains as the FPR budget in-
creases, while triggering ahead of official reports. Overall, the
results demonstrate robust early-warning performance across
heterogeneous freeway networks under practical FPR budgets.
C. Ablation Study

We validate the necessity of our key designs and report AUC
and the QoS-aware early-detection at 5% FPR.

1) Dynamic Adjacency and Multi-Hop Propagation: TA-
BLE IV shows that replacing the dynamic adjacency with a
static graph degrades performance across datasets and remov-
ing multi-hop propagation sharply worsens early detection,
especially on FT-AED and XTraffic, highlighting the role of
adaptive structure and diffusion for anomaly propagation.

2) Tail-Emphasized and Hard Top-K training: TABLE IV
also validates that removing tail emphasis or hard Top-K
mining noticeably increases missed events, indicating these
QoS-oriented components improve early warning by focusing
learning on tail deviations and hard abnormal segments.

3) Shapelet Matching Measures: Fig. 5 compares the pro-
posed Mix metric with single-measure variants (Euclidean, co-
sine, cross-correlation) and shows consistently lower miss rates
for Mix, supporting the benefit of combining complementary
measures for robust shapelet representations.

4) Cross-View Attention and Residual Field Fusion: Fig. 6
demonstrates the necessity of the Stage-3 fusion design: re-
moving Stage-3 causes the most severe degradation, and using
only cross-view attention or only residual field fusion remains
less effective than the full model. This confirms that both
alignment and residual fusion are necessary for early warning.

D. Hyperparameter Analysis

We analyze four key hyperparameters on PeMS under
FPR=5%: (1) T}ai, tail steps used in tail-emphasized scoring
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Fig. 7: Hyperparameter study on the PeMS dataset.
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Fig. 8: Early-warning footprint of the crash event.

to highlight late-stage deviations; (2) K,.q, hard Top-K size
for hard-sample mining during training; (3) p, Top-K ratio for
forming QoS-aware scores; (4) the shapelet configuration S,
the lengths and counts of shapelets. The results are shown in
Fig. 7. When Ti,; is too small, delayed incident impacts may
be under-emphasized; when it is too large, tail emphasis is
weakened and performance degrades. A moderate Ki,,,q pro-
vides sufficient hard-sample focus, while overly small or large
values reduce stability. For p, selecting too few segments can
miss informative deviations, whereas too many introduce noise
and hurt separability. The shapelet configuration also shows a
trade-off: too little capacity underfits local patterns, while too
much adds cost with diminishing returns. We adopt the best-
performing settings reported in the experimental setup.

E. Case Study

1) Crash early warning on FT-AED: For a representative
crash in the FT-AED validation set, Fig. 8 (left) shows a
localized speed breakdown and its spatiotemporal propagation.
Under 10% FPR, our method triggers before the official report
and keeps detections concentrated around the affected region.
Fig. 8 (right) visualizes the decision score map, where high-
score areas align with the degradation pattern, offering an
intuitive corridor-level explanation.

2) Decision with Learned Shapelets: Fig. 9 shows the
learned shapelets and their best-matching subsequences on
normal and crash-related station series. Normal stations ex-
hibit close matches and low scores, while crash-related sta-
tions show pronounced mismatches, indicating deviations from
learned normal prototypes.
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VI. CONCLUSION

In this paper, we introduce SE-STGAE, an early anomaly
detection framework designed to address the challenges posed
by weak and propagating precursors under strict false-alarm
budgets in freeway sensing networks. We extract segment-
level precursors with a shapelet-enhanced encoder and in-
tegrate them with spatiotemporal representations. Then, we
learn propagation-aware spatial dependencies with adaptive
adjacency and multi-hop diffusion, and fuse temporalspatial
patterns to improve robustness to normal fluctuations. In prac-
tice, our study focuses on reconstruction-based early warning
for freeway monitoring with offline calibration. Our future
work will explore online adaptation under evolving traffic
regimes and more robust calibration strategies.
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