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A B S T R A C T

Urban road networks are complex infrastructure systems whose reliable operation depends on timely mainte
nance decisions under incomplete and heterogeneous observations. Direct maintenance records and condition 
measurements are often sparse, whereas traffic trajectories, road topology, camera deployment, and geometric 
attributes are continuously available but unevenly reliable. This study proposes a reliability-informed stochastic 
hybrid graph attention network (SHGAT) framework for inferring latent road operation-maintenance pressure as 
a reliability-risk proxy. Vehicle trajectories are transformed into segment-time evidence, including flow expo
sure, traversal-time burden, inverse-speed pressure, temporal irregularity, recurrence, bottleneck contrast, 
camera-derived reliability, and observation uncertainty. A hybrid segment graph represents local propagation, 
while stacked SHGAT layers learn reliability-aware neighborhood interactions considering observation confi
dence, road-class compatibility, length contrast, and propagation structure. A reliability-gated fusion module 
integrates geometry, flow, temporal, and camera evidence before stochastic pressure inference. Feature noise, 
dropout, camera degradation, trajectory degradation, geometry perturbation, and Monte Carlo sampling are 
introduced for robustness and uncertainty evaluation. In the Shenzhen case, SHGAT achieved a predictive cor
relation of r = 0.992. Cross-city validation on the Jinan network retained a correlation of r = 0.978 without 
retraining. The framework produces pressure maps, uncertainty fields, source sensitivities, propagation gaps, 
intervention values, and maintenance priorities, supporting risk-informed decision-making for sensor-sparse 
urban road networks.

1. Introduction

Urban road networks are critical infrastructure systems whose 
operational reliability directly affects mobility, service continuity, 
emergency accessibility, and maintenance resource allocation [1–3]. In 
practice, road agencies must identify high-pressure or potentially 
vulnerable segments before direct condition evidence becomes complete 
or before service degradation becomes severe [4,5]. Traditional opera
tion and maintenance strategies often rely on periodic inspection, en
gineering experience, and delayed maintenance records, which are 
difficult to update continuously at the scale of a dense urban network [6,
7]. With the development of automated sensing, traffic cameras, 
geographic information systems, connected mobility records, and 
large-scale vehicle trajectories, road agencies now have access to richer 
descriptions of network operation [8–10]. Nevertheless, the availability 
of more data does not automatically lead to more reliable maintenance 

decisions, because the data sources are heterogeneous, unevenly 
observable, and affected by measurement noise, missing coverage, and 
temporal variability [11,12].

From the perspective of reliability engineering and system safety, 
road operation-maintenance inference is a problem of decision making 
under uncertain evidence [13,14]. The state of a road segment is not 
determined by traffic volume alone. It is shaped by repeated service 
exposure, traversal-time burden, speed deterioration, temporal irregu
larity, local bottleneck behavior, road-class heterogeneity, geometric 
constraints, camera observability, and pressure propagation from 
neighboring segments [15–17]. In many real-world networks, direct 
maintenance labels or pavement-condition measurements are sparse, 
delayed, or unavailable [18,19]. Therefore, it is necessary to construct 
an operational proxy that can represent latent maintenance pressure 
while explicitly accounting for observation reliability and uncertainty. 
Information fusion provides a natural basis for this problem, because no 
single data source is sufficient to support reliable network-scale 
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maintenance inference [20,21]. Static road attributes describe the 
physical and functional context of each segment, including length, 
curvature, road class, and topological position [22,23]. Dynamic tra
jectory evidence reflects how segments are repeatedly used over time, 
including flow exposure, traversal-time burden, empirical speed, 
recurrent demand, and temporal instability [24,25]. Camera deploy
ment provides direct observation support, but it also reveals the spatially 
uneven reliability of the sensing system [26,27]. A camera-covered 
segment may provide more confident evidence, whereas a 
camera-sparse segment may still experience high 
operation-maintenance pressure that can only be inferred indirectly 
through trajectories, topology, and neighboring segments [28,29]. 
Therefore, the key challenge is not simply to concatenate these hetero
geneous features, but to learn how they should be weighted, propagated, 
and interpreted under nonuniform reliability conditions.

With the advancement of artificial intelligence (AI), deep learning is 
playing an increasingly significant role in the field of engineering 
[30–32]. More broadly, advanced computational and data-driven 

modeling approaches have demonstrated considerable potential for 
performance evaluation, spatiotemporal diagnosis, and risk assessment 
across a wide range of complex engineering systems [33–35]. Existing 
studies in intelligent transportation systems have made substantial 
progress in traffic prediction, network state estimation, data augmen
tation, spatio-temporal graph learning, and multi-source traffic data 
fusion [36–38]. Graph neural networks (GNNs) [39,40] and graph 
attention networks (GATs) [41] are particularly useful for capturing 
spatial dependencies among road links or intersections, while 
trajectory-based studies have improved travel-time estimation, mobility 
pattern mining, and demand reconstruction [42,43]. However, several 
limitations remain when these methods are transferred to 
reliability-oriented road operation-maintenance inference. First, many 
graph-based transportation models are designed to predict traffic states 
such as speed, flow, or congestion, whereas maintenance pressure is a 
broader latent reliability-risk state associated with repeated service 
burden, instability, uncertainty, and decision consequences [44,45]. 
Second, camera sparsity and observation uncertainty are often treated as 

Nomenclature

Abbreviations
BA Balanced accuracy
FN False negative
FP False positive
GAT Graph attention network
GNN Graph neural network
KS Kolmogorov-Smirnov
MAE Mean absolute error
MCC Matthews correlation coefficient
MLP Multilayer perceptron
MSE Mean squared error
ReLU Rectified linear unit
RMSE Root mean squared error
SHGAT Stochastic hybrid graph attention network
TN True negative
TP True positive

Symbols
AH Hybrid segment adjacency matrix
AH

e,é Hybrid adjacency entry between road segments e and é
Ce Binary camera-coverage indicator of road segment e
Fe,τ Trajectory-derived flow count of segment e in temporal 

window τ
F̃e,τ Normalized flow evidence
G Directed road graph
GP

e Local pressure propagation gap between segment e and its 
hybrid-neighborhood average

HG Final matrix of graph-attention embeddings for all road 
segments

hG
e Final graph-attention embedding vector of segment e

N H Hybrid-neighbor set of road segment e
Re,τ Recurrence-enhanced flow descriptor
SG

e , SF
e , ST

e , SC
e Geometry-, flow-, temporal-, and camera-modality 

evidence scores of segment e
Se,j Finite-difference sensitivity of segment e to feature channel 

j
Te,τ Mean traversal-time burden of segment e in temporal 

window τ
Ue,τ Empirical segment speed
UO

e,τ Observation-uncertainty evidence
U n Stochastic uncertainty score of sample n

VI
e Local intervention value of road segment e

W(0) Initial projection matrix from hybrid static features to the 
SHGAT hidden space

WQ,l, WK,l, WV,l Query, key, and value transformation matrices at 
SHGAT layer l

xH
e Static hybrid feature vector used as SHGAT input

XH Matrix collecting hybrid static feature vectors of all road 
segments

xe,τ Final segment-time inference feature vector
X Segment-time sample feature matrix used by the pressure- 

inference head
Ye,τ Weak operation-maintenance pressure target of segment e 

in temporal window τ
Ŷe,τ Predicted operation-maintenance pressure of segment e in 

temporal window τ

Greek symbols and parameters
α(l)

e,eʹ Normalized graph-attention coefficient from segment e to 
neighboring segment é  at layer l

βe Modality-weight vector of segment e over geometry, flow, 
temporal, and camera channels

ε Small positive stabilizing constant used to prevent division 
by zero or numerical instability

ηl Self-retention coefficient controlling the residual mixture 
of local and neighboring SHGAT information at layer l

θa,ρ, θa,l , θa,κ Reliability preference, length-contrast penalty, and 
road-class mismatch penalty in the attention score

θρ,0, θρ,C, θρ,F, θρ,Ω Coefficients defining the observation-reliability 
model

θY,0, θY,F, θY,T, θY,U, θY,Ω, θY,R, θY,B, θY,O Coefficients defining the 
weak pressure target

κe Categorical road-class label of segment e
ρe,τ Observation reliability of segment e in temporal window τ
σ(⋅) Sigmoid activation function
τ Temporal-window index
τ∗ Representative peak-demand temporal window
χe Lightweight road-geometry curvature descriptor of 

segment e
Ωe,τ Temporal irregularity index of segment e in temporal 

window τ
Πe Fused maintenance-priority score of road segment e
Θ Collection of trainable parameters of the pressure- 

inference head
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missing-data issues, rather than as reliability indicators that should 
actively guide attention and fusion [46,47]. Third, neighboring road 
segments are commonly aggregated using fixed topological relations, 
while road-class compatibility, length contrast, local recurrence, and 
reliability-aware propagation are less explicitly represented [48,49]. 
Fourth, many models are evaluated mainly under ordinary prediction 
settings, whereas maintenance decision support requires robustness 
under camera dropout, trajectory degradation, feature perturbation, 
geometry uncertainty, and source-dependent failure modes [50,51].

To address these gaps, this study proposes a reliability-informed 
stochastic hybrid graph attention network (SHGAT) framework for 
uncertainty-aware road operation-maintenance risk inference. The 
proposed framework makes four main contributions (see Fig. 1). First, it 
converts multi-source road-network observations into maintenance- 
oriented reliability evidence, including flow exposure, traversal-time 
burden, inverse-speed pressure, temporal irregularity, neighbor- 
induced recurrence, bottleneck contrast, camera-derived reliability, 
and observation uncertainty. Second, it constructs an edge-level hybrid 
segment graph in which road segments are treated as inference entities, 
allowing local pressure propagation to be modeled through shared 
network context. Third, it develops a reliability-aware SHGAT module 
that incorporates observation confidence, road-class compatibility, 
length contrast, neighbor propagation, and layer normalization to learn 
interpretable graph interactions. Fourth, it introduces reliability-gated 
modality fusion and stochastic robustness evaluation to quantify 
source contribution, uncertainty, degradation sensitivity, counterfactual 
intervention effects, and maintenance-priority stability. In this way, the 
framework connects automated sensing, graph-based reliability infer
ence, uncertainty quantification, and risk-informed road maintenance 
decision support within a unified modeling pipeline.

2. Related work

Research on intelligent road-network modeling has developed 
rapidly with the expansion of automated sensing, connected mobility, 
traffic cameras, and data-driven transportation management [52,53]. A 
large body of work has focused on traffic-state prediction, where his
torical speed, volume, or occupancy measurements are used to forecast 

future network conditions [54]. GNNs are especially suitable for this 
task because road networks have strong spatial dependencies, directed 
connectivity, and localized propagation. Early graph-based methods 
mainly relied on predefined adjacency matrices [55], while later studies 
introduced adaptive graphs [56], attention mechanisms [57], 
spatio-temporal convolution [58], and recurrent structures [59] to 
capture more flexible traffic dependencies. These studies provide an 
important methodological basis, but their primary target is usually 
traffic prediction rather than maintenance-oriented pressure inference 
[60].

Multi-source information fusion has also become an important di
rection in intelligent transportation systems. Data from cameras, loop 
detectors, GPS trajectories, probe vehicles, road maps, and weather 
conditions can be fused to improve traffic monitoring, incident detec
tion, travel-time estimation, and decision support [61]. Existing fusion 
strategies can be roughly divided into data-level fusion, feature-level 
fusion, model-level fusion, and decision-level fusion [62,63]. Howev
er, the quality and reliability of different sources are often uneven. 
Camera observations may be spatially sparse [64], trajectories may be 
incomplete [65], and map attributes may not fully describe operational 
stress [66]. Therefore, an effective fusion model should not only 
concatenate multi-source features, but also learn how much confidence 
should be assigned to each source under different road and traffic con
texts [67].

GATs provide a useful mechanism for learning heterogeneous 
neighborhood influence. In transportation networks, attention can 
assign different weights to upstream, downstream, adjacent, or func
tionally related road segments [68]. Compared with fixed-weight graph 
convolution, attention-based methods can better reflect dynamic or 
context-dependent dependencies [69]. Nevertheless, most existing 
attention mechanisms are designed for predictive accuracy and do not 
explicitly encode observation reliability, road-class compatibility, 
length contrast, or camera sparsity [70,71]. For road 
operation-maintenance pressure inference, these factors are essential 
because the same amount of traffic exposure may imply different pres
sure levels depending on road type, structural position, and data 
reliability.

Vehicle trajectories offer another important source of operational 

Fig. 1. Conceptual architecture of the proposed reliability-gated SHGAT fusion framework for road operation-maintenance pressure inference.
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information. Unlike fixed-point traffic measurements, trajectory data 
describe movement sequences and can reveal route concentration, 
traversal time, speed variation, and recurrent use of specific network 
elements [72,73]. These properties are highly relevant to 
operation-maintenance pressure because repeated traversal, unstable 
travel time, and bottleneck-like local concentration may indicate hidden 
service burden. However, trajectory data are rarely transformed into 
explicit maintenance-oriented evidence. Most trajectory-based studies 
emphasize map matching [74], demand estimation [75], travel-time 
prediction [76], or mobility-pattern mining [77]. The present study 
instead uses trajectories to construct a weak pressure proxy and multiple 
operational evidence components for maintenance-oriented inference.

Road maintenance and infrastructure management studies have 
traditionally relied on pavement-condition surveys, inspection records, 
distress indices, and engineering assessment [78,79]. These data are 
valuable but often costly, sparse, and delayed. Recent data-driven 
studies have explored automated condition assessment using images 
[80], sensors [81], or crowdsourced information [82]. Yet these ap
proaches usually require direct condition observations. In contrast, the 
proposed framework focuses on the inference of latent 
operation-maintenance pressure from indirect operational evidence. 
This distinction is important because pressure inference can support 
early screening, prioritization, and risk-aware monitoring even when 
direct condition labels are unavailable.

Table 1 summarizes the relationship between the main research 
streams and the proposed framework. The table shows that existing 
work has made substantial progress in traffic prediction, graph learning, 
trajectory analysis, and infrastructure monitoring, but these streams are 
usually developed separately. The proposed framework integrates them 
through reliability-gated multi-source fusion, stochastic hybrid graph 
attention, trajectory-derived operational evidence, and maintenance- 
oriented pressure inference.

3. Methodology

This section presents the proposed reliability-gated SHGAT fusion 
methodology for road operation-maintenance pressure inference. The 

central objective is to transform heterogeneous road-network observa
tions into a latent pressure representation that reflects traffic exposure, 
temporal instability, camera observability, structural context, and 
neighborhood propagation. The methodology is designed as a general 
modeling framework rather than a dataset-specific procedure. It first 
defines the directed road network and its multi-source attributes, then 
converts trajectory records into segment-time operational evidence and 
a weak pressure field. Based on these representations, a SHGAT fusion 
architecture is developed to learn reliability-aware interactions among 
road segments. A mini-batch stochastic learning scheme is then used to 
infer pressure from fused graph embeddings and dynamic evidence. 
Finally, robustness, counterfactual inference, and decision-oriented di
agnostics are introduced to evaluate the stability, interpretability, and 
practical value of the inferred pressure field.

3.1. Road network representation and multi-source operational evidence

Road operation-maintenance pressure emerges from the interaction 
between physical road structure, traffic usage, and observation condi
tions. Therefore, the first step is to construct a directed segment-level 
representation that can accommodate both static infrastructure attri
butes and observation-related information. In this representation, in
tersections provide spatial and camera-related context, while directed 
road segments serve as the primary inference entities. Road class, length, 
geometric curvature, endpoint topology, and camera coverage are 
encoded as multi-source operational descriptors. These variables do not 
directly represent maintenance damage, but they provide the structural 
and observational background needed for later pressure inference.

Let the urban road system be represented by a directed road graph 
G = (V , E ), where V is the set of intersections and E is the set of 
directed road segments. The numbers of nodes and edges are denoted by 
NV = |V | and NE = |E |, respectively. Each node i ∈ V is associated 
with a spatial coordinate and a camera-observation indicator, while 
each directed segment e ∈ E connects an origin node oe to a destination 
node de. The directed graph is written as: 

G = (V ,E , {si}i∈V , {re}e∈E ), (1) 

Table 1 
Summary of related research streams and positioning of the proposed study.

Research stream Main focus Typical data sources Common modeling strategy Main limitation for this study Role in the proposed framework

Traffic-state 
prediction

Forecasting speed, flow, 
congestion, or travel time

Sensors, cameras, GPS, 
historical traffic 
records

Spatio-temporal models, graph 
convolution, recurrent 
networks, attention networks

Usually predict traffic states 
rather than maintenance 
pressure

Provides graph-based and 
temporal modeling foundations

Multi-source 
transportation 
fusion

Integrating heterogeneous 
traffic and infrastructure 
data

Cameras, trajectories, 
maps, detectors, probe 
vehicles

Data-level, feature-level, model- 
level, or decision-level fusion

Reliability differences across 
sources are not always 
explicitly modeled

Motivates reliability-gated 
fusion across geometry, flow, 
temporal, and camera evidence

GNNs for road 
networks

Learning spatial 
dependencies over 
network topology

Road graphs, 
adjacency matrices, 
traffic states

Graph convolutional networks 
(GCNs), GATs, adaptive graph 
learning, spatio-temporal GNNs

Often rely on fixed or 
prediction-oriented graph 
relations

Supports hybrid segment graph 
construction and attention- 
based propagation

Graph attention 
mechanisms

Assigning unequal 
importance to 
neighboring nodes or 
segments

Node features, edge 
features, dynamic 
traffic states

Attention coefficients, multi- 
head attention, adaptive 
weighting

Reliability, road-class 
compatibility, and length 
contrast are rarely embedded 
together

Forms the SHGAT core for 
reliability-aware neighborhood 
aggregation

Trajectory-based 
mobility 
analysis

Extracting route, travel- 
time, and movement 
patterns

Vehicle trajectories, 
GPS traces, camera- 
recovered paths

Map matching, demand 
estimation, travel-time 
estimation, mobility mining

Maintenance-oriented 
operational evidence is 
usually not the primary 
target

Provides segment-time flow, 
burden, irregularity, 
recurrence, and bottleneck 
evidence

Camera-sparse 
traffic 
monitoring

Estimating traffic states 
under incomplete 
observation

Sparse cameras, 
detectors, probe 
trajectories

Reconstruction, imputation, 
sensor placement, state 
estimation

Camera sparsity is often 
handled as missing data 
rather than fusion reliability

Becomes a reliability and 
uncertainty channel in pressure 
inference

Road maintenance 
analytics

Assessing pavement 
condition, deterioration, 
or maintenance priority

Inspection records, 
pavement images, 
distress surveys, 
sensors

Condition indices, statistical 
models, machine learning, 
vision models

Often requires direct 
condition labels or inspection 
data

Inspires the pressure-inference 
objective under limited direct 
labels

Robust and 
stochastic 
learning

Improving model stability 
under noise or missing 
data

Perturbed features, 
dropout, noisy 
observations

Data augmentation, dropout, 
adversarial or stochastic 
training

Less frequently connected to 
road maintenance decision 
support

Supports feature perturbation, 
camera dropout, trajectory 
degradation, and robustness 
diagnostics
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where si denotes the node attribute vector of intersection i, and re de
notes the static road-segment attribute vector of edge e. The node-level 
attribute vector is defined as: 

si = [λi,ϕi, ci]
T
, (2) 

where λi and ϕi are the longitude and latitude of node i, and ci is a binary 
camera-availability indicator. The edge-level static attribute vector is 
expressed as: 

re = [oe, de, κe, ge, l e ]
T
, (3) 

where κe is the categorical road-class label, ge is the polyline geometry of 
the segment, and l e is the segment length.

Because the framework operates at the road-segment level, the 
camera state of a segment is induced by the camera states of its two 
endpoint intersections. The edge is considered camera-covered when at 
least one endpoint has camera support, while the camera-asymmetry 
variable measures whether the two endpoints have different observa
tion states. These two variables are denoted by Ce and AC

e , respectively. 
They encode complementary information: Ce reflects whether the 
segment is directly supported by camera infrastructure, whereas AC

e 
captures directional or boundary-like observability imbalance.

The road geometry is summarized through a lightweight curvature 

descriptor. Let ge =
{

pe,a

}

a∈I e 
be the ordered coordinate sequence of 

segment e, where pe,a is the a-th geometry point and I e is the corre
sponding index set. The local turning angle at an interior point is 
computed from two adjacent geometry vectors. The mean absolute 
angular change is: 

χe =
1
⃒
⃒I

∘
e

⃒
⃒

∑

a∈I ∘
e

⃒
⃒
⃒
⃒
⃒
arccos

( (
pe,a − pe,a−

)T( pe,a+ − pe,a
)

‖ pe,a − pe,a− ‖2‖pe,a+ − pe,a‖2 + ε

)⃒
⃒
⃒
⃒
⃒
, (4) 

where I ∘
e is the set of valid interior geometry-point indices, a− and a+

are the predecessor and successor indices of a, and ε is a small stabilizer.
For heterogeneous quantities with different units and distributions, a 

robust normalization operator is introduced. Given a scalar feature x and 
lower and upper empirical reference quantiles QL(x) and QU(x), the 
normalized value is: 

N (x) = clip[0,1]

(
x − QL(x)

QU(x) − QL(x) + ε

)

, (5) 

where ε is a small positive stabilizing constant introduced to prevent 
numerical instability when the difference between QU(x) and QL(x) is 
zero or very small.

This operator is applied to length, road-class index, curvature, flow 
evidence, time burden, inverse speed, irregularity, recurrence, and other 
continuous descriptors. Compared with ordinary min-max normaliza
tion, this robust operator reduces the influence of extreme observations 
while preserving a bounded scale suitable for sigmoid-based pressure 
inference.

The topological exposure of a segment is derived from the endpoint 
degrees. Let di denote the total incident edge count of node i. The 
segment-level structural degree is: 

dE
e = doe + dde . (6) 

The normalized degree d̃
E
e = N

(
dE

e
)

is later used as a structural in
dicator of local graph complexity. A segment connected to high-degree 
intersections may experience stronger routing interactions, higher con
flict exposure, and greater propagation of neighboring traffic 
disturbances.

The static evidence vector of edge e is therefore constructed as: 

xS
e =

[
l̃ e, κ̃e,Ce,AC

e , d̃
E
e , χ̃e

]T
, (7) 

where l̃ e = N (l e ), ̃κe = N (κe), and ̃χe = N (χe). This vector defines the 
static physical, categorical, observational, and topological background 
of the segment.

3.2. Trajectory aggregation and weak pressure field construction

Vehicle trajectories contain rich information about how road seg
ments are repeatedly used over time, but they must be transformed into 
segment-level evidence before they can support maintenance-oriented 
inference. This subsection describes how ordered trajectory points are 
converted into directed segment-time traversal events and then aggre
gated into traffic exposure, traversal-time burden, empirical speed, 
temporal irregularity, recurrence, bottleneck contrast, and observation 
uncertainty (see Fig. 2). Since direct maintenance labels are not assumed 
to be available, these evidence components are further fused into a weak 
pressure field. The resulting target is not intended to replace engineering 
inspection, but to provide a data-driven operational proxy for identi
fying road elements with persistent service burden and uncertain 
observability.

The selection of the operational indicators is guided by their com
plementary representation of road service exposure, operating effi
ciency, temporal stability, local traffic interaction, and observation 
confidence. Flow exposure reflects the accumulated utilization intensity 
of a road segment and is closely associated with repeated traffic demand 
and service loading [83]. Traversal-time burden and inverse-speed evi
dence describe prolonged occupancy and reduced operating efficiency, 
while temporal irregularity characterizes fluctuations in segment per
formance and travel-time reliability [84]. Recurrence captures the 
persistence of demand across neighboring and successive observations, 
and bottleneck contrast measures the degree to which traffic pressure is 
locally concentrated relative to surrounding road segments, which is 
consistent with the spatial organization and propagation of recurrent 
congestion in urban road networks [85]. Observation reliability further 
characterizes the confidence associated with the available sensing evi
dence. These variables jointly describe cumulative exposure, opera
tional inefficiency, temporal instability, recurrent demand, localized 
bottleneck effects, and observation quality, providing a physically 
interpretable basis for constructing the weak operation-maintenance 
pressure field under incomplete direct condition information.

To represent local propagation, a hybrid segment-neighborhood 
graph is constructed. Two segments are treated as neighbors when 
they share at least one endpoint. Let AH

e,eʹ be the hybrid adjacency entry 
between segments e and é . It is defined as: 

AH
e,é = I[e ∕= é , {oe, de} ∩ {oeʹ , dé } ∕= ∅]. (8) 

Observation reliability is modeled as a bounded function of camera 
support, flow evidence, and temporal irregularity. Let ρe,τ ∈ [0,1] denote 
the reliability of segment-time evidence. It is given by: 

ρe,τ = σ
(
θρ,0 + θρ,CCe + θρ,FF̃e,τ − θρ,ΩΩ̃e,τ

)
, (9) 

where σ(⋅) is the sigmoid function and θρ,0, θρ,C, θρ,F, and θρ,Ω are 
learnable or user-specified reliability parameters. The reliability de
creases when observations are camera-sparse and dynamically irregular, 
and increases when camera support and flow evidence are stronger. The 
three variables (Ce, F̃e,τ, Ω̃e,τ) characterize complementary aspects of 
observation quality: camera support represents direct sensing avail
ability, flow evidence reflects the amount of trajectory information 
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supporting a segment-time state, and temporal irregularity indicates 
instability in the observed operating condition. The sigmoid function 
provides a smooth and monotonic mapping of these heterogeneous 
factors to a bounded confidence scale, allowing reliability to be 
consistently incorporated into subsequent attention weighting, uncer
tainty characterization, and information fusion. Accordingly, ρe,τ is 
interpreted as a relative observation-confidence proxy whose magnitude 
reflects the combined strength and stability of the available evidence.

The observation-uncertainty evidence is: 

UO
e,τ = ηO

(
1 − ρe,τ

)(
1+ Ω̃e,τ

)
, (10) 

where ηO is a positive scaling parameter. The normalized uncertainty 

descriptor is denoted by Ũ
O
e,τ = N

(
UO

e,τ

)
.

Because direct maintenance labels are not assumed to be available, 
the pressure field is constructed as a weak, multi-source operational 
proxy. Let Ye,τ ∈ [0, 1] be the weak pressure target of segment e at time 
window τ. It is defined as: 

Ye,τ = σ
(

θY,0 + θY,FF̃e,τ + θY,TT̃e,τ + θY,UŨ
− 1
e,τ + θY,ΩΩ̃e,τ + θY,RR̃e,τ

+ θY,BB̃e,τ + θY,OŨ
O
e,τ

)
,

(11) 

where the θY terms are non-negative fusion coefficients except for the 
intercept θY,0. This proxy combines traffic exposure, traversal burden, 
low-speed tendency, temporal instability, neighbor-induced recurrence, 
bottleneck contrast, and observation uncertainty. It should be inter
preted as an operation-maintenance pressure signal rather than a direct 
pavement-damage measurement.

Because several operational variables contributing to Eq. (11) also 
enter the subsequent inference stage, the weak pressure field is treated 
as a supervisory proxy that provides an initial operational reference for 
learning. The SHGAT model combines this supervision with road ge
ometry, road class, camera state, observation reliability, hybrid- 
neighborhood propagation, and reliability-gated modality fusion, 
enabling the inferred pressure to capture spatial and contextual de
pendencies beyond the local weak-label construction. The stability of 

this learned representation is further examined through holdout evalu
ation, architectural ablation, stochastic robustness analysis, and frozen 
cross-city validation.

The static hybrid feature vector used for graph attention embedding 
is: 

xH
e =

[
l̃ e, κ̃e,Ce,AC

e , d̃
E
e , χ̃e,N (Fe),N (Ωe), ρe,Ye

]T
. (12) 

By including Ye and ρe in the embedding input, the graph represen
tation is guided not only by physical structure but also by aggregate 
pressure tendency and observation confidence.

3.3. Stochastic hybrid graph attention fusion architecture

Once segment-level evidence has been obtained, the analysis turns to 
the relationships among neighboring road segments and the contribu
tion of different information sources to the resulting representation. This 
subsection introduces the SHGAT fusion architecture, in which road 
segments are treated as graph entities and hybrid adjacency is induced 
by shared network context (see Fig. 3). The attention mechanism is 
designed to be reliability-aware and structure-sensitive, so that neigh
boring segments contribute differently according to observation confi
dence, road-class compatibility, length contrast, and local propagation 
relationships. In parallel, a reliability-gated modality fusion mechanism 
allocates importance across geometry, flow, temporal, and camera 
channels, allowing the model to represent both source complementarity 
and source uncertainty.

Let XH ∈ RNE×DH be the matrix collecting xH
e for all segments, where 

DH is the hybrid static feature dimension. The initial hidden represen
tation of segment e is: 

h(0)
e = tanh

(
W(0)xH

e +b(0))
, (13) 

where h(0)
e ∈ RDZ , DZ is the embedding dimension, W(0) is a projection 

matrix, and b(0) is a bias vector. The complete hidden matrix at layer l is 
denoted by H(l) ∈ RNE×DZ .

Fig. 2. Conceptual construction of trajectory-derived operational evidence and weak pressure field.

D. Feng                                                                                                                                                                                                                                            Reliability Engineering and System Safety 278 (2027) 113443 

6 



For each graph attention layer l, query q(l)
e , key k(l)

e , and value v(l)
e 

representations are computed as: 

q(l)
e = WQ,lh(l)

e ,

k(l)
e = WK,lh(l)

e ,

v(l)
e = WV,lh(l)

e ,

(14) 

where WQ,l, WK,l, and WV,l are layer-specific transformation matrices. 
For a directed attention pair (e, é ) satisfying AH

e,eʹ = 1, the raw attention 
score is defined by: 

s(l)e,é =

(
q(l)

e
)Tk(l)

eʹ̅̅̅̅̅̅
DZ

√ + θa,ρρeʹ − θa,ℓ|ℓ̃e − ℓ̃é | − θa,κII[κe ∕= κeʹ], (15) 

where θa,ρ, θa,l , and θa,κ control reliability preference, length-contrast 
penalty, and road-class mismatch penalty, respectively. This design 
makes attention source-aware and road-structure-aware. A reliable 
neighboring segment with compatible length and road class receives 
stronger influence, whereas structurally dissimilar neighbors are sup
pressed. The attention formulation combines learned neighborhood 
similarity with explicit reliability and structural compatibility. 
Following the local adaptive weighting principle of graph attention 
networks [86], observation reliability increases the contribution of 
better-supported neighboring segments, while length contrast and 
road-class mismatch suppress propagation between less compatible road 
elements. This compact additive form preserves interpretability and 
sparse local propagation, while more general graph-Transformer for
mulations can represent richer global structural interactions through 
explicit structural encodings [87].

The normalized attention coefficient is: 

α(l)
e,é =

exp
(

s(l)e,é

)

∑
r∈N H(e)exp

(
s(l)e,r

)
+ ε

, (16) 

where N H(e) =
{

é ∈ E : AH
e,eʹ = 1

}
is the hybrid neighbor set of 

segment e. The attention-weighted message is: 

m(l)
e =

∑

é ∈N H(e)

α(l)
e,é v(l)

eʹ . (17) 

The hidden state is updated through a residual attention mixture: 

z(l+1)
e = tanh

(
ηlh

(l)
e +(1 − ηl)m(l)

e

)
, (18) 

where ηl ∈ [0, 1] controls the balance between self-retention and 
neighboring message aggregation. To stabilize multi-layer propagation, 
layer normalization is applied row-wise: 

h(l+1)
e =

z(l+1)
e − μ(l+1)

e 1
σ(l+1)

e + ε
, (19) 

where μ(l+1)
e and σ(l+1)

e are the mean and standard deviation of the 
components of z(l+1)

e , and 1 is an all-ones vector. After L layers, the 
graph-attention embedding of segment e is: 

hG
e = h(L)

e . (20) 

The final embedding matrix is HG ∈ RNE×DZ . The attention entropy of 
segment e is used as an interpretability measure of whether attention is 
concentrated or dispersed: 

EA
e = −

∑
é ∈N H(e)α

(L)
e,é log

(
α(L)

e,é + ε
)

log
(
DH

e + ε
) . (21) 

The incoming attention mass of segment e is: 

MA
e =

∑

r∈E

AH
r,eα(L)

r,e . (22) 

While EA
e reflects local attention dispersion, MA

e reflects how strongly 
a segment is attended by its neighbors. These two quantities are later 
useful for explaining graph-based pressure propagation.

The framework further constructs modality-level evidence scores. 
Let SG

e , SF
e , ST

e , and SC
e denote geometry, flow, temporal, and camera- 

source scores, respectively. They are represented as: 

Fig. 3. Reliability-aware hybrid attention and modality gating in SHGAT.
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SG
e = ωT

G
[
l̃ e, χ̃e, d̃

E
e
]T
, (23) 

SF
e = ωT

F [N (Fe),N (Re)]
T
, (24) 

ST
e = ωT

T
[
T∗

e ,Ωe
]T
, (25) 

SC
e = ωT

C
[
Ce, ρe,AC

e
]T
, (26) 

where ωG, ωF, ωT, and ωC are source-specific weight vectors, Re is the 
temporal mean of Re,τ, and T∗

e is a representative normalized traversal- 
time burden. The four scores are stacked into a modality score vector: 

sM
e =

[
SG

e , S
F
e , S

T
e , S

C
e
]T
. (27) 

The reliability-gated modality allocation is obtained by a row-wise 
softmax [88]: 

βe = softmax
(
sM

e
)
, (28) 

where βe =
[
βG

e , βF
e , β

T
e , βC

e
]T contains the modality weights of segment e.

3.4. Mini-batch learning and pressure inference

The fused graph representation must be connected to a scalable 
learning procedure that can handle large road networks and many 
segment-time samples. This subsection describes the mini-batch sto
chastic pressure inference scheme. For each segment-time sample, graph 
embeddings are combined with dynamic traffic evidence, reliability 
indicators, camera state, and static road descriptors. A multi-hidden- 
layer inference head maps these fused features to a bounded pressure 
estimate. During training, stochastic perturbations are applied to the 
feature space to improve robustness against noisy measurements, source 
incompleteness, and camera-related degradation. The learning process 
therefore serves both prediction and regularization purposes, making 
the inferred pressure field more stable under realistic information-fusion 
conditions.

For each segment-time sample (e,τ), the final inference feature vector 
combines graph embedding, dynamic traffic evidence, reliability evi
dence, camera evidence, and static road evidence. It is defined as: 

xe,τ =
[(

hG
e
)T
, F̃e,τ, T̃e,τ, Ũ

− 1
e,τ , Ω̃e,τ, R̃e,τ, ρe,τ,Ce,AC

e , l̃ e, κ̃e, χ̃e

]T
. (29) 

Let X ∈ RNS×DX be the sample-feature matrix, where NS is the number 
of segment-time samples and DX is the feature dimension. The corre
sponding weak target vector is ∈ RNS , where each entry is Ye,τ. Features 
are standardized using the training-set mean μX and standard deviation 
σX: 

x̂e,τ =
xe,τ − μX

σX + ε . (30) 

The pressure inference head is a multi-hidden-layer neural mapping. 
The first hidden layer is: 

a(1)
e,τ = ReLU

(
W(1) x̂e,τ +b(1))

, (31) 

and the second hidden layer is: 

a(2)
e,τ = ReLU

(
W(2)a(1)

e,τ +b(2)
)
. (32) 

The predicted pressure is bounded by a sigmoid output: 

Ŷe,τ = σ
((

w(3))Ta(2)
e,τ + b(3)

)
. (33) 

The supervised objective is the mean squared error between pre
dicted pressure and weak pressure target: 

L MSE =
1

|B |

∑

(e,τ)∈B

(
Ŷe,τ − Ye,τ

)2
, (34) 

where B denotes a mini-batch of segment-time samples. The mini-batch 
is sampled from both active segment-time states and randomly selected 
background states. This mixture prevents the model from learning only 
frequently traversed segments and improves coverage over camera- 
sparse or low-activity road elements.

Stochastic feature perturbation is applied during training. Let x̂n 
denote the standardized feature vector of sample n. Its perturbed version 
is: 

x̂P
n = x̂n ⊙ dn + ϵn, (35) 

where ⊙ is element-wise multiplication, dn is a Bernoulli feature- 
retention vector, and ϵn is Gaussian feature noise. Their distributions 
are: 

dn,j ∼ Bernoulli(pD),

ϵn,j ∼ N

(
0, σ2

Ps2
j

)
,

(36) 

where pD is the feature-retention probability, σP controls perturbation 
magnitude, and sj is the empirical standard deviation of feature j. This 
stochastic training strategy increases robustness to missing sources, 
noisy traffic evidence, and camera-observation instability.

Let Θ collect all trainable parameters of the inference head. The 
stochastic gradient update is based on Adam-type moment estimation 
[89]: 

gr = ∇ΘL MSE(Θr),

mr = β1mr− + (1 − β1)gr,

vr = β2vr− + (1 − β2)(gr ⊙ gr),

m̂r =
mr

1 − βr
1

v̂r =
vr

1 − βr
2

Θr+ = Θr − η m̂r
̅̅̅̅̅
v̂r

√
+ ε

,

(37) 

where r is the iteration index, η is the learning rate, β1 and β2 are 
exponential decay factors, and r− and r+ indicate the previous and 
updated iterations.

The fused priority score combines predicted pressure, unreliability, 
flow exposure, and structural exposure: 

Πe = N
(
P̂e
(
1 − ρe,τ∗

)
[1+N (Fe)]

[
1+αDN

(
dE

e
)])

, (38) 

where αD controls the contribution of structural exposure. This score 
prioritizes road elements that are predicted to be pressure-intensive, 
uncertain, demand-loaded, and structurally influential.

3.5. Robustness, counterfactual inference, and decision-oriented 
diagnostics

Pressure inference is useful for road operation and maintenance only 
when its outputs are stable, interpretable, and actionable. This subsec
tion therefore extends the model from prediction to diagnostic decision 
support. Robustness analysis examines how pressure estimates change 
under camera dropout, trajectory degradation, feature perturbation, 
flow noise, and geometry noise. Counterfactual inference evaluates how 
pressure fields respond to hypothetical changes in camera retention, 
demand scaling, and capacity-related conditions. Decision-oriented di
agnostics further quantify source-channel sensitivity, uncertainty, 
propagation gaps, residual structure, ordinal pressure classification, and 
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top-risk rank stability. These analyses help convert the inferred pressure 
field into maintenance priorities, intervention values, and reliability- 
aware operational insights.

The framework evaluates robustness by simulating information 
degradation in different source channels. Camera dropout is represented 
by a Bernoulli retention variable bC

n for sample n. The perturbed camera 
feature is: 

CP
n = CnbC

n ,

bC
n ∼ Bernoulli(pC),

(39) 

where pC is the camera-retention probability. The perturbed reliability is 
adjusted as: 

ρP
n = clip[0,1]

(
ρngC

(
CP

n

))
, (40) 

where gC(⋅) is a monotone camera-reliability adjustment function. Tra
jectory dropout is represented by scaling flow and recurrence features 
and perturbing irregularity: 

F̃
P
n = clip[0,1]

(
rTF̃n + ϵF

n
)
,

R̃
P
n = clip[0,1]

(
rTR̃n + ϵR

n
)
,

Ω̃
P
n = clip[0,1]

(
Ω̃n + ϵΩ

n
)
,

(41) 

where rT is a trajectory-retention factor, and ϵF
n, ϵR

n , and ϵΩ
n are pertur

bation terms. Flow-channel noise is expressed as: 

xP
n,F = clip[0,1]

(
xn,F + ϵF

n
)
, (42) 

where xn,F contains flow, recurrence, and irregularity-related compo
nents. Geometry-channel noise is: 

xP
n,G = clip[0,1]

(
xn,G + ϵG

n
)
, (43) 

where xn,G contains length and curvature descriptors.
Stochastic uncertainty is estimated by repeated perturbations. Let 

ŷ(m)

n be the prediction of sample n under the m-th stochastic perturba
tion. The uncertainty score is: 

U n = Stdm
(
ŷ(m)

n
)
+ λρ(1 − ρn), (44) 

where λρ controls the contribution of observation unreliability. The first 
term captures model response variability under perturbation, while the 
second term injects source-confidence awareness.

Counterfactual inference is used to evaluate how pressure would 
change under hypothetical camera retention, demand scaling, and ca
pacity retention. Let rC, rD, and rQ be camera-retention, demand-scale, 
and capacity-retention factors. Under a camera-demand counterfactual 
intervention, the modified feature vector is: 

xCD
e,τ (rC, rD) = ΓCD

(
xe,τ; rC, rD

)
, (45) 

where ΓCD scales camera-related reliability and demand-related flow 
and recurrence channels. The mean counterfactual pressure surface is: 

P
CD(rC, rD) =

1
NE

∑

e∈E

fΘ

(
xCD

e,τ∗ (rC, rD)
)
, (46) 

where fΘ(⋅) denotes the trained pressure inference function. Under a 
capacity-retention intervention, traversal-time burden and inverse- 
speed pressure are rescaled: 

xQD
e,τ (rQ, rD) = ΓQD

(
xe,τ; rQ, rD

)
. (47) 

The top-risk counterfactual pressure is: 

P
QD
q (rQ, rD) =

1
⃒
⃒
⃒Topq

(
P̂

QD)⃒⃒
⃒

∑

e∈Topq(P̂QD
)

P̂
QD
e (rQ, rD), (48) 

where P̂
QD 

is the vector of counterfactual predictions under the capacity- 
demand intervention. The pressure relief from a counterfactual inter
vention is: 

R
I
= Pbase

− Pcf
, (49) 

where Pbase and Pcf are the mean baseline and counterfactual pressure 
values.

Local source sensitivity is estimated by finite differences. For feature 
channel j, the sensitivity of segment e is: 

Se,j =

⃒
⃒fΘ
(
xe,τ∗ + δej

)
− fΘ

(
xe,τ∗

)⃒
⃒

δ
, (50) 

where δ is a small perturbation magnitude and ej is the unit vector for 
channel j. This yields flow-channel sensitivity and camera-channel 
sensitivity by selecting the corresponding feature indices.

Graph propagation diagnostics compare local pressure with neigh
boring pressure. The neighbor-averaged prediction is: 

P̂
N
e =

∑
é ∈E AH

e,é P̂é

DH
e + ε , (51) 

and the propagation gap is: 

GP
e = P̂e − P̂

N
e . (52) 

A positive gap indicates a local pressure elevation relative to adja
cent road elements, while a negative gap indicates that the segment is 
embedded in a higher-pressure neighborhood.

The local intervention value combines flow sensitivity, camera 
sensitivity, uncertainty, and unreliability: 

VI
e = N

(
θI,FSe,F

(
1 − ρe,τ∗

)
+ θI,CSe,C P̂e + θI,UU e

)
, (53) 

where Se,F and Se,C are flow-channel and camera-channel sensitivities, 
and θI,F , θI,C, and θI,U are intervention-fusion coefficients.

Together, the robustness, counterfactual, and diagnostic formula
tions extend the pressure-inference model from a predictive tool to an 
information-fusion decision system. The framework estimates pressure, 
measures source reliability, tests degradation stability, identifies sensi
tivity channels, evaluates counterfactual intervention effects, and pro
vides graph-aware uncertainty diagnostics for road operation and 
maintenance planning.

3.6. Algorithmic implementation of the proposed SHGAT framework

To provide a concise and reproducible description of the overall 
computational procedure, the principal implementation steps of the 
proposed SHGAT framework are summarized in Algorithm 1. The al
gorithm integrates road-network preprocessing, trajectory aggregation, 
operational evidence construction, observation-reliability estimation, 
weak pressure generation, reliability-aware graph attention, modality 
fusion, stochastic mini-batch learning, and pressure inference within a 
unified workflow. It further incorporates uncertainty quantification, 
robustness assessment, and maintenance-priority evaluation, thereby 
linking the graph-learning procedure with the reliability-oriented 
diagnostic and decision-support objectives of the framework.

4. Results

Based on the parameter settings in Tables 2 and 3, a series of nu
merical experiments was conducted to validate the effectiveness of the 
analytical framework in this study. The empirical analysis uses a public 
large-scale vehicle trajectory dataset constructed from traffic-camera 
videos and road-network information. In this study, the selected 
Shenzhen trajectory record dated November 4, 2020 [90] is adopted as 
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the study-day trajectory source, and the full-day observation period is 
divided into 24 temporal windows for segment-level operational evi
dence construction. Fig. 4 shows the spatial coverage of the selected 
Shenzhen trajectory study area, where the dashed boundary indicates 
the vehicle-trajectory coverage region used in the numerical experi
ments. This spatial reference is important because all subsequent flow 
exposure, traversal burden, camera-sparse pressure, graph propagation, 
and intervention diagnostics are interpreted within this selected urban 
road-network domain. To further evaluate cross-city transferability and 
external validity, an independent Jinan dataset collected on October 17, 
2022 is additionally introduced as a second case. The SHGAT model 
trained on the Shenzhen data is directly transferred to the Jinan road 
network without retraining, fine-tuning, or parameter adjustment, 
thereby providing an independent assessment under a distinct urban 
road-network and traffic-observation environment. The principal data 
characteristics of the Shenzhen development case and the Jinan 
external-validation case are summarized in Table 4, including the 

numbers of road-network nodes, valid directed segments, processed 
trajectories, camera density, missing-observation ratio, and road-class 
distribution. The comparison highlights substantial differences in 
network scale, sensing coverage, trajectory availability, and structural 
composition between the two cities, providing a heterogeneous basis for 
evaluating both in-domain performance and cross-city generalization.

The implemented model follows the SHGAT configuration summa
rized in Table 3. In this setting, directed road segments are treated as 
graph entities, and the hybrid neighborhood is constructed from shared 
intersection endpoints. The model first extracts a static hybrid segment 
representation from length, road class, camera support, camera asym
metry, edge degree, curvature, mean flow, mean temporal irregularity, 
mean reliability, and mean weak pressure. This representation is then 
projected into a hidden space and propagated through a three-layer 
stochastic hybrid graph attention encoder. The attention mechanism is 
not a purely topological aggregation rule; it is reliability-gated and 
structure-aware, since neighboring segments are weighted according to 
similarity, observation reliability, length contrast, and road-class 
compatibility. Fig. 5 summarizes this architecture, including the edge- 
level hybrid graph input, the initial projection, the three-layer SHGAT 
encoder, the modality fusion module, the segment-time feature assem
bly, and the stochastic mini-batch training process. After the SHGAT 
embedding is obtained, each segment-time sample is represented by the 
graph embedding together with dynamic and contextual variables, 
including flow exposure, traversal time, inverse-speed burden, temporal 
irregularity, recurrence, reliability, camera state, camera asymmetry, 
length, class, and curvature. These features are passed to a multilayer 
perceptron pressure-inference head and optimized against the weak 
pressure target derived from trajectory evidence. During training, mini- 
batch sampling, feature noise, and feature dropout are introduced to 
improve stability under incomplete and noisy multi-source observations.

Furthermore, the computational efficiency of the proposed frame
work was evaluated in terms of theoretical complexity and actual run
time. For N road segments, M retained hybrid-neighbor relations, hidden 
dimension d, and L attention layers, the graph-attention stage has a 

computational complexity of approximately O
[
Nd2 + Md

]
, while its 

principal memory requirement scales as O[Nd + M]; the subsequent 
mini-batch inference head scales linearly with the number of processed 
samples for a fixed network architecture. Since the hybrid neighborhood 

Algorithm 1 
Reliability-informed SHGAT training, inference, and independent cross-city validation.

Input: Development-city road-network, trajectory, and camera data; external-city data; SHGAT hyperparameters; directed road graph G ; hybrid segment adjacency AH; number of 
temporal windows. 
Output: Trained pressure-inference function; segment-time pressure predictions Ŷe,τ , stochastic uncertainty, maintenance-priority score Πe, robustness/diagnostic quantities, and 
independent external-validation metrics.

1: Read and clean node/edge records; construct G and AH from shared segment endpoints. Derive road class, length, curvature, structural degree, camera coverage, and camera 
asymmetry.

2: Map trajectory point sequences to directed road segments and aggregate them into multiple segment-time windows. Compute flow Fe,τ, traversal-time burden, inverse-speed 
evidence, temporal irregularity Ωe,τ, recurrence Re,τ, and bottleneck evidence Be,τ .

3: Normalize heterogeneous descriptors and calculate observation reliability ρe,τ and observation uncertainty UO
e,τ . Fuse the operational evidence into the weak pressure target Ye,τ .

4: Assemble the static hybrid feature matrix XH and project it to the SHGAT hidden space.
5: For attention layer l = 1, …, L:
6: Compute query/key/value representations and reliability-aware attention coefficients using feature similarity, neighboring reliability, length contrast, and road-class 

compatibility.
7: Aggregate hybrid-neighbor messages, apply residual self-retention and layer normalization, and update the hidden representation.
8: End the attention loop and obtain the final graph embedding matrix HG and segment embedding hG

e .
9: Compute geometry-, flow-, temporal-, and camera-modality scores; convert them to reliability-gated softmax weights and assemble the final segment-time feature vector xe,τ .

10: For the development city, sample active and background segment-time states, split training/validation data, and standardize features using the training statistics μX and σX.
11: Train the multilayer perceptron pressure head by stochastic mini-batches: apply Bernoulli feature dropout and Gaussian feature noise, predict Ŷe,τ, minimize MSE against Ye,τ , and 

update the trainable parameters with Adam.
12: Freeze the trained model and training normalization statistics. Perform network-wide pressure inference; estimate stochastic uncertainty by repeated perturbations and derive Πe 

together with robustness, sensitivity, propagation, and counterfactual diagnostics.
13: For independent validation, repeat Steps 1–9 with the same feature definitions, SHGAT depth, coefficients, and perturbation settings; map road-class scalars to development city 

training scale.
14: Apply the frozen trained model with the frozen μX and σX directly to the independent validation data; do not retrain, fine-tune, or re-estimate normalization statistics. Compute 

external MAE, RMSE, correlation, pressure, uncertainty, and priority fields.
15: Return the trained SHGAT inference system and the in-domain/external validation outputs for reliability-aware maintenance screening.

Table 2 
Parameter settings used in the study.

Symbol Meaning Value

Nepo Number of mini-batch training epochs 180
B Mini-batch size 1024
γ Learning rate of the Adam optimizer 2.5 × 10-3

αR Neighbor-flow recurrence coefficient in Re,τ 0.5
θρ,0 Intercept in observation-reliability construction -1.25
θρ,C Camera-support weight in observation reliability 1.85
θρ,F Flow-evidence weight in observation reliability 1.15
θρ,Ω Temporal-irregularity penalty in observation reliability 1.10
ηO Observation-uncertainty scaling coefficient 0.5
θY,0 Intercept in the weak pressure proxy -2.10
θY,F Flow-exposure weight in the weak pressure proxy 2.10
θY,T Traversal-time burden weight in the weak pressure proxy 1.05
θY,U Inverse-speed burden weight in the weak pressure proxy 1.35
θY,Ω Temporal-irregularity weight in the weak pressure proxy 1.55
θY,R Recurrence-flow weight in the weak pressure proxy 1.50
θY,B Bottleneck-contrast weight in the weak pressure proxy 1.05
θY,O Observation-uncertainty weight in the weak pressure proxy 1.20
Nval

MC Monte Carlo repetitions for test uncertainty 12

Npeak
MC

Monte Carlo repetitions for peak-window uncertainty 10
δFD Finite-difference step for source-channel sensitivity 0.05
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is sparsified by limiting local segment connections, the number of 
retained relations grows approximately with network size, supporting 
application to larger urban road networks without constructing dense 
global attention matrices. The experiments were conducted on a work
station equipped with an NVIDIA GeForce RTX 4070 GPU, an Intel Core 
i7-13700F CPU, and 48 GB of system memory. Under this configuration, 
model training required 18 min 32 s and inference required 6 min 12 s, 
indicating that the complete workflow can be executed within a prac
tical computational budget for network-scale road assessment.

4.1. Road-network observability and operational risk evidence

This subsection examines the empirical reliability structure of the 
road-network evidence used for pressure inference. The objective is not 
only to describe the spatial and temporal coverage of the data, but also 
to determine whether the selected network contains the type of het
erogeneity required for reliability-oriented maintenance assessment. 
Therefore, the analysis begins with road-class composition, segment 
length, directional loading, and camera observability, and then proceeds 
to flow exposure, traversal-time burden, temporal irregularity, and 
pressure-threshold exceedance. These results clarify how raw trajectory 
records are converted into interpretable segment-level risk evidence 
under uneven observation support.

Fig. 6 establishes the empirical basis for the subsequent pressure- 
inference analysis by showing that the selected road network is struc
turally heterogeneous, camera-sparse, and temporally uneven. Panel (a) 
shows dense local connectivity in the directed road graph G = (V ,E ), 
but camera-covered nodes are unevenly distributed and mainly 

Table 3 
SHGAT architecture, fusion, and learning settings.

Setting group Configuration Implementation 
value

Role in the 
framework

Segment entity Graph node type Directed road 
segment

Treats road 
segments as edge- 
level graph entities

Hybrid 
adjacency

Neighborhood 
rule

Shared start or end 
node

Constructs 
segment-to- 
segment 
propagation 
relations

Neighbor 
sparsification

Maximum 
incident 
segment 
sampling

18 per road node Controls graph 
density and 
computational cost

Static SHGAT 
input

xH
e dimension 10 Contains length, 

road class, camera 
state, asymmetry, 
edge degree, 
curvature, mean 
flow, mean 
irregularity, mean 
reliability, and 
mean weak 
pressure

Initial 
projection

W(0) mapping 10 → 10 Maps static segment 
features to hidden 
graph 
representation

Hidden 
dimension

DZ 10 Embedding size of 
each segment-node

Number of 
SHGAT 
layers

L 3 Stacked hybrid 
graph attention 
propagation

Query-key- 
value 
projection

Q, K, V mapping 10 → 10 per layer Computes attention 
similarity and 
neighbor messages

Attention 
reliability 
bonus

θa,ρ 0.35 Increases attention 
to reliable 
neighboring 
segments

Length- 
contrast 
penalty

θa,l 0.20 Suppresses 
structurally 
dissimilar 
neighbors

Road-class 
mismatch 
penalty

θa,κ 0.10 Penalizes 
incompatible road- 
class neighbors

Attention-score 
clipping

Score range [-20, 20] Avoids numerical 
overflow in 
attention 
normalization

Residual self- 
retention

Self coefficient 0.45 Preserves the 
current segment 
representation

Neighbor 
message 
mixing

Neighbor 
coefficient

0.55 Injects attention- 
weighted 
neighboring 
information

Nonlinear 
activation

Graph layer 
activation

tanh Bounds the graph- 
hidden 
representation

Normalization Graph layer 
normalization

Row-wise layer 
normalization

Stabilizes multi- 
layer propagation

Final SHGAT 
embedding

Hedge 10 Segment-level 
graph embedding 
used in sample 
features

Modality 
channels

Source groups Geometry, flow, 
temporal, camera

Supports reliability- 
gated source 
interpretation

Modality 
allocation

Normalization 
rule

Row-wise softmax Produces segment- 
level modality 
weights

Table 3 (continued )

Setting group Configuration Implementation 
value 

Role in the 
framework

Training 
sample 
construction

Feature 
dimension

21 Combines SHGAT 
embedding with 
segment-time 
features

Segment-time 
appended 
features

Dynamic and 
context features

Flow, mean traversal 
time, inverse speed, 
irregularity, 
recurrence, 
reliability, camera 
indicator, camera 
asymmetry, length, 
class, curvature

Forms the 
multilayer 
perceptron (MLP) 
input after SHGAT 
embedding

Active- 
background 
sampling

Sample 
composition

About 70% active 
samples and 30% 
random background 
samples

Balances observed 
traversal events and 
background 
segment-time states

Train- 
validation- 
test split

Nominal split 70% training, 15% 
validation, and 15% 
test

Evaluates 
generalization on a 
holdout set

Pressure head MLP 
architecture

21 → 48 → 24 → 1 Maps fused features 
to predicted 
pressure

Hidden 
activations

MLP hidden 
layers

ReLU Introduces 
nonlinear pressure 
inference

Output 
activation

Pressure output Sigmoid Bounds predicted 
pressure in [0, 1]

Loss function Training 
objective

MSE Fits predicted 
pressure to weak 
pressure target

Stochastic 
feature noise

Input 
perturbation

0.030 Improves 
robustness to noisy 
evidence

Feature 
dropout

Input dropout 
rate

0.050 Improves 
robustness to 
missing or 
degraded features

Optimizer Parameter 
update rule

Adam Updates pressure- 
head parameters
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concentrated in several central and corridor-like areas. This indicates 
biased observation reliability and supports treating camera availability 
as a reliability signal rather than a simple binary attribute. Panel (b) 
shows that residential, tertiary, secondary, and primary roads dominate 
the edge population, whereas trunk-related and motorway-link classes 
are fewer but generally have larger mean segment lengths l e . Quanti
tatively, residential and tertiary roads contain approximately 7,600 and 
6,200 edges, respectively, whereas several trunk- and link-related clas
ses contain fewer than 1,000 edges despite mean segment lengths 
approaching 500 m. Thus, the network combines many short urban 
access links with fewer longer high-capacity links, leading to class- 
dependent maintenance exposure.

Panels (c)-(e) further indicate that both pressure and observability 
depend on road class and direction. The mean weak pressure Ye varies 
with bearing direction, suggesting that pressure is affected by corridor 
orientation and network layout, not only by total traffic volume. Across 

the directional groups, the mean weak pressure varies from approxi
mately 0.44 to 0.49, with the highest level occurring around the 130◦

bearing range. Panel (d) confirms that high camera observability is 
limited to specific spatial zones, while panel (e) reveals a mismatch 
between class-level camera-weighted coverage and peak-window flow 
share. Some classes are well observed but carry limited peak demand, 
whereas others contribute more strongly to peak flow and require 
greater attention in pressure inference. Panel (f) shows that the active- 
edge ratio remains low and relatively stable, while total traversals 
vary more sharply over time, indicating that daily demand is concen
trated on a limited subset of repeatedly used segments. Overall, Fig. 6
shows that operation-maintenance pressure must be inferred from the 
joint effects of road class, geometry, camera observability, directional 
loading, and temporally concentrated trajectory demand.

Fig. 7 shows how raw trajectories are transformed into operational 
evidence with clear temporal and spatial heterogeneity. Panel (a) in
dicates that log

(
1+Fe,τ

)
is highly concentrated on a limited subset of 

sampled edges, while many segments remain weakly active or inactive 
across most time windows. This confirms that the trajectory-derived 
flow matrix F is sparse and uneven rather than uniformly distributed 
across the network. Panel (b) further shows that flow-weighted 
traversal-time burden and flow-weighted reliability are only partially 
synchronized. Traversal burden remains relatively stable during the 
main activity period but rises near the end of the day, while reliability 
also increases at boundary windows. During most central time windows, 
the flow-weighted traversal-time burden remains approximately 47–54, 
before increasing sharply to about 82 near the end of the observation 
period. This suggests that high observation confidence does not neces
sarily imply low operational burden.

Panel (c) highlights the temporal instability of active road usage. 
Active-edge turnover captures the replacement of active segments be
tween adjacent time windows, while novelty pressure-load share mea
sures the contribution of newly active segments to the current pressure- 
weighted load. Their peaks in the early transition window and near the 
end of the day indicate that pressure formation is influenced not only by 
persistent flow corridors, but also by abrupt changes in the active 
segment set. Panel (d) provides a micro-level explanation: most 
observed states are concentrated in the low-speed and low-to-moderate 
irregularity region, but a visible spread toward higher irregularity shows 
that slow movement and unstable traversal behavior jointly contribute 
to pressure evidence.

Fig. 4. Spatial coverage of the selected Shenzhen trajectory study area.

Table 4 
Dataset characteristics of the Shenzhen development case and Jinan indepen
dent external-validation case.

Characteristic Shenzhen Jinan

Observation date November 4, 2020 October 17, 2022
Number of nodes 11,933 8,908
Number of valid directed road segments 27,410 23,312
Number of trajectories used 3,823 43,461
Matched segment-traversal events 114,860 450,000
Camera nodes 686 1,651
Camera density 5.75% 18.53%
Missing-data ratio 96.15% 91.83%
Number of road classes 13 13
Residential 7,597 (27.72%) 7,551 (32.39%)
Tertiary 6,166 (22.50%) 5,767 (24.74%)
Secondary 3,779 (13.79%) 4,151 (17.81%)
Primary 3,535 (12.90%) 2,813 (12.07%)
Unclassified 3,348 (12.21%) 452 (1.94%)
Trunk 471 (1.72%) 1,283 (5.50%)
Primary link 924 (3.37%) 76 (0.33%)
Trunk link 379 (1.38%) 413 (1.77%)
Motorway link 414 (1.51%) 186 (0.80%)
Secondary link 279 (1.02%) 34 (0.15%)
Motorway 224 (0.82%) 128 (0.55%)
Living street 209 (0.76%) 449 (1.93%)
Tertiary link 85 (0.31%) 9 (0.04%)
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Panels (e) and (f) connect these temporal patterns to spatial and 
observational regimes. The mean temporal irregularity Ωe is spatially 
localized, with high-irregularity segments clustering in central and 
corridor-like areas, which supports propagating temporal instability 
through the hybrid segment graph rather than treating it as independent 
noise. More importantly, the exceedance curves in panel (f) show that 

camera-sparse segments retain higher exceedance probability over a 
broad intermediate pressure-threshold range. At a pressure threshold of 
approximately 0.40, the exceedance probability remains above 0.9 for 
camera-sparse segments, compared with only about 0.27 for camera- 
covered segments. This indicates that camera sparsity is not only a 
data limitation, but is also related to hidden pressure exposure requiring 

Fig. 5. Structure of the reliability-gated SHGAT for road operation-maintenance pressure inference.

Fig. 6. Road-network structure, camera observability, and temporal demand coverage: (a) directed road-network graph G = (V , E ), where intersections are 
represented by vi ∈ V and directed road segments by e = (oe,de) ∈ E , with camera-covered nodes highlighted, (b) road-class distribution and mean segment length 
l e , (c) directional anisotropy of road loading and mean weak pressure Ye, (d) spatial camera-observability field derived from node-level camera availability, (e) class- 
level camera-weighted coverage and peak-window flow share, (f) active-edge ratio and total traversals over the temporal window set T .
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reliability-aware fusion. Overall, Fig. 7 demonstrates that the weak 
pressure field is supported by complementary trajectory-derived signals, 
including concentrated flow, traversal burden, active-set turnover, 
temporal irregularity, and camera-dependent pressure heterogeneity.

4.2. Predictive reliability, source contribution, and diagnostic validity

This subsection evaluates the internal behavior and predictive 
credibility of the proposed SHGAT framework. The analysis focuses on 
three connected aspects: how hybrid graph attention captures 

Fig. 7. Trajectory-derived operational evidence and pressure heterogeneity: (a) logarithmic segment-time flow evidence log
(
1+Fe,τ

)
sampled from the trajectory- 

derived flow matrix F, (b) flow-weighted traversal-time burden Te,τ and observation reliability ρe,τ, (c) active-edge turnover and novelty pressure-load share over 

the temporal window set T , (d) joint density of normalized empirical speed Ũe,τ and normalized temporal irregularity Ω̃e,τ, (e) spatial distribution of mean temporal 
irregularity Ωe, (f) exceedance probability of mean weak pressure Ye for camera-covered and camera-sparse road segments.

Fig. 8. Mini-batch stochastic learning and pressure-inference performance: (a) stochastic mini-batch, train-probe, and test MSE across training epochs, (b) batch 
MAE, test MAE, and gradient norm, (c) agreement between predicted pressure Ŷ e,τ and weak pressure target Ye,τ, with samples colored by observation reliability ρe,τ, 
(d) decile-wise pressure calibration and prediction bias, (e) temporal distribution of test residual exposure over the temporal window set T , (f) residual spillover over 
the hybrid adjacency AH , comparing edge-level residuals with neighboring residuals.
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neighborhood propagation, how reliability-gated modality fusion allo
cates information across geometry, flow, temporal, and camera chan
nels, and how the mini-batch stochastic pressure-inference head learns 
the weak pressure target. In addition to reporting training and test 
performance, this subsection further examines calibration, residual 
spillover, ordinal pressure classification, source ablation, and 
uncertainty-residual alignment. These diagnostics provide further 
insight into how the model combines information across the graph and 
different sources, while also revealing its error characteristics.

Fig. 8 evaluates whether the proposed SHGAT-based pressure infer
ence head can stably learn the weak pressure field from stochastic mini- 
batches. Panels (a) and (b) show that both MSE and MAE decrease 
rapidly in the early epochs and then enter a stable convergence phase. 
The test MSE decreases from approximately 0.07 initially to below 0.01 
within about 30 epochs, while the test MAE subsequently stabilizes at 
approximately 0.02. Here, MSE and MAE measure the squared and ab
solute differences between the predicted pressure Ŷe,τ and the weak 
target Ye,τ, respectively. The test curves remain close to the train-probe 
curves, indicating that stochastic mini-batch perturbations support a 
stable mapping from fused features to pressure estimates rather than 
overfitting the sampled training points. The declining gradient norm 
further suggests that the optimizer reaches a numerically stable region 
after the initial update stage.

Panel (c) provides direct evidence of predictive agreement. The 
predicted pressure Ŷe,τ aligns closely with the weak pressure target Ye,τ, 
with a high correlation of r = 0.992. The scatter remains near the di
agonal across most pressure levels, showing that the model captures 
both moderate- and high-pressure states. The color distribution also 
indicates that samples with different observation reliabilities ρe,τ are not 
collapsed into a single regime, suggesting that reliability contributes to 
the learned pressure structure. Panel (d) confirms this from a calibration 
perspective, as the predicted and target decile means nearly overlap, 
with only small bias in the lowest and transition deciles. Across the 
deciles, the prediction bias remains within approximately ±0.02, with 

most groups exhibiting substantially smaller deviations. This indicates 
that the model preserves the ordinal pressure structure needed for 
maintenance prioritization.

Panels (e) and (f) examine residual exposure in time and graph space. 
Temporal residuals remain low and relatively stable across most win
dows, despite variations in the number of test samples, suggesting that 
the learned pressure function is not dominated by a specific temporal 
period. In panel (f), edge residuals are compared with hybrid- 
neighborhood residuals defined through AH. Most points are concen
trated near the lower-left region, indicating that large edge errors and 
large neighboring errors rarely occur simultaneously. This weak residual 
spillover suggests that the hybrid attention structure does not introduce 
strong spatially coherent error amplification. Overall, Fig. 8 shows that 
the mini-batch stochastic learning procedure produces an accurate, 
well-calibrated, and graph-stable pressure field.

Fig. 9 examines the internal behavior of the proposed SHGAT fusion 
mechanism rather than only its final prediction accuracy. Panel (a) 
shows that the hybrid-neighbor count DH

e is not simply determined by 
flow exposure. Many segments with moderate or high mean flow have 
only limited hybrid neighbors, while some low-flow segments appear in 
more connected local structures. Across most of the observed flow range, 
the hybrid-neighbor count is concentrated at approximately 4–13, 
although a small number of structurally exceptional segments reach 
values above 20. This confirms that the hybrid segment graph G H pro
vides structural information that cannot be replaced by traffic volume 
alone. In panel (b), the incoming attention mass MA

e shows a broad 
relationship with the mean weak pressure Ye. High-pressure segments 
do not always receive the largest incoming attention, but larger atten
tion accumulation tends to occur in structurally richer neighborhoods. 
This suggests that the attention mechanism captures both local propa
gation and structural exposure instead of merely amplifying high-flow 
links.

Panels (c) and (d) clarify the reliability-gated multi-source fusion 
behavior. In panel (c), modality entropy EM

e decreases as modality 

Fig. 9. Hybrid graph attention and reliability-gated multi-source fusion behavior: (a) relationship between flow exposure and hybrid-neighbor count DH
e in the 

hybrid segment graph G H , (b) incoming attention mass MA
e and mean weak pressure Ye, (c) modality dominance DM

e , modality entropy EM
e , and pressure tendency, (d) 

low-dimensional manifold of modality-weight deviations derived from the modality-weight vector βe, (e) trajectory efficiency-complexity density based on matched- 
edge complexity and trip-speed information, (f) hybrid graph embedding HG projected onto two embedding axes and colored by Ye.
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dominance DM
e increases, which is consistent with the stronger control of 

one source channel when the maximum modality weight becomes 
larger. Most points remain in a relatively high-entropy range, indicating 
that the model generally integrates geometry, flow, temporal, and 
camera evidence in a balanced manner. For maximum modality weights 
below approximately 0.50, the fusion entropy is predominantly above 
0.90, whereas it decreases toward about 0.83 as the dominant modality 
weight approaches 0.57. However, higher-pressure segments are more 
often associated with stronger modality dominance, suggesting that 
local pressure may become source-specific when one evidence channel is 
particularly informative. Panel (d) further shows that the centered 
modality-weight vector βe forms several branch-like source-allocation 
regimes rather than a random cloud, providing interpretability for 
different pressure levels.

Panels (e) and (f) connect fusion behavior with trajectory and 
embedding structure. Panel (e) shows that most trips are concentrated 
around intermediate matched-edge complexity and trip-speed states, 
supporting the stability of trajectory-derived operational evidence. 
Panel (f) shows that the hybrid graph embedding HG forms a compact 
dominant manifold with several sparse outlying regions. The pressure- 
related color gradient indicates that SHGAT learns an embedding 
space in which segments with different pressure levels occupy distin
guishable regions. Overall, Fig. 9 demonstrates that the proposed model 
separates topology from flow, balances multi-source evidence through 
reliability-gated modality weights, and produces graph embeddings 
with interpretable pressure information.

Fig. 10 evaluates whether the continuous pressure prediction Ŷe,τ 
can support reliable ordinal and high-risk decisions. Panel (a) shows 
clear diagonal dominance in the normalized confusion matrix. The low- 
and high-pressure classes are identified with high consistency, with di
agonal ratios around 0.93 and 0.90, respectively, while the medium- 
pressure class has a lower ratio near 0.71 and more leakage to adja
cent classes. This is expected because medium-pressure samples lie near 
the transition region of the weak pressure field, where trajectory burden, 
reliability, and temporal irregularity do not form a sharply separated 

boundary. Thus, the main classification uncertainty is concentrated 
around ordinal transitions rather than occurring randomly.

Panel (b) further assesses high-risk detection under different pres
sure thresholds. MCC reflects the balance among true positives, false 
positives, false negatives, and true negatives, while balanced accuracy 
averages the true-positive and true-negative rates. Both indicators in
crease rapidly when the high-risk threshold enters the main separation 
range, indicating that the model can distinguish high-pressure states 
once the threshold is not overly permissive. Around a high-risk threshold 
of 0.50, MCC reaches approximately 0.75 and balanced accuracy 
approximately 0.94, after which both metrics remain at relatively high 
levels over most of the upper-threshold range. The high balanced- 
accuracy plateau suggests that the predicted pressure field preserves 
the ranking structure of high-risk segments, although extremely high 
thresholds become less informative because only a few samples remain 
classified as high risk.

Panels (c)-(f) reveal where the remaining errors occur. The directed 
transition graph in panel (c) shows that misclassifications mainly occur 
between adjacent ordinal classes, especially low-to-medium and 
medium-to-high transitions, rather than through severe low-to-high or 
high-to-low jumps. Among the directed misclassification transitions, 
medium-to-low and medium-to-high account for 38.1% and 25.2%, 
respectively, whereas the low-to-high transition accounts for only 1.8%. 
Panel (d) shows that the error rate decreases as the prediction margin 
increases, meaning that decisions farther from the ambiguous central 
region are more reliable. Panel (e) indicates small but temporally 
nonuniform prediction bias, with slightly negative bias more often 
appearing in low- or medium-pressure classes. Panel (f) maps the spatial 
contrast between false-positive (FP) and false-negative (FN) high- 
pressure decisions, showing that residual errors are localized rather 
than uniformly scattered. Overall, Fig. 10 supports the use of the 
inferred pressure field for ordinal maintenance prioritization, while 
indicating that medium-pressure and spatially localized transition areas 
require more cautious interpretation.

Fig. 11 evaluates the contribution of each information source to 

Fig. 10. Ordinal pressure-class diagnostics and spatial error contrast: (a) normalized ordinal confusion matrix for low-, medium-, and high-pressure classes derived 
from Ye,τ and Ŷ e,τ, (b) threshold-dependent MCC and balanced accuracy for high-risk pressure identification, (c) directed ordinal misclassification transition graph 
from target class to predicted class, (d) prediction-margin reliability of discrete pressure decisions, (e) temporal prediction-bias field by target pressure class, (f) 
spatial contrast between false-positive (FP) and false-negative (FN) high-pressure decisions.
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pressure inference by systematically removing feature groups from the 
trained model. In the ablation test, the selected source group is replaced 
by its empirical median value, and the resulting predictions are 
compared with the baseline predictions. Panels (a)-(c) show that the 
flow and temporal groups cause the strongest degradation. Removing 
the flow group produces the largest MAE increase and correlation drop, 
while removing the temporal group also leads to clear performance loss. 
Specifically, flow ablation increases MAE by approximately 0.049 and 
reduces correlation by about 0.055, compared with corresponding 
changes of approximately 0.042 and 0.032 under temporal ablation. 
This indicates that the inferred pressure field is mainly governed by 
trajectory-derived operational evidence, including flow exposure, 
recurrence, traversal burden, and irregularity. By contrast, the camera 
and static groups cause smaller pointwise degradation, suggesting that 
they mainly provide reliability conditioning and structural regulariza
tion rather than dominant direct prediction signals.

Panel (b) adds a ranking perspective. Although ablation causes 
visible prediction shifts, the top-risk rank overlap remains relatively 
high for most source removals, especially for camera and static features. 
The top-risk overlap remains approximately 0.92 after camera ablation 
and 0.95 after static-feature ablation, whereas it decreases to about 0.74 
and 0.71 after removing flow and temporal information, respectively. 
This means that the highest-pressure ordering is not fully destabilized by 
removing a single source group. However, the larger shifts under flow 
and temporal ablation confirm their importance for pressure magnitude 
calibration. Panel (c) further shows that flow and temporal removal 
produce stronger Kolmogorov-Smirnov distances, indicating that these 
two channels reshape the overall pressure distribution rather than only 
affecting isolated samples.

Panels (d)-(f) provide complementary evidence from fusion weights 
and residual behavior. The modality-weight vector βe shows that high- 
pressure segments assign more weight to flow and temporal channels, 
whereas low-pressure segments rely more on camera-related informa
tion. This is consistent with the interpretation that high-pressure infer
ence depends on dynamic service burden, while low-pressure states are 

more closely related to observation and coverage conditions. Panel (e) 
shows that both camera-covered and camera-sparse residuals are 
concentrated near low values, although camera-sparse samples exhibit 
slightly heavier residual exposure. Panel (f) further indicates that 
ablation-induced shifts are not independent across sources: embedding 
and camera shifts are moderately related, while flow, temporal, and 
static groups show distinct but interacting effects. Overall, Fig. 11 sup
ports the multi-source SHGAT design, where flow and temporal evi
dence drive pressure magnitude, camera information modulates 
reliability, and graph embedding with static structure stabilizes cross- 
source inference.

Fig. 12 further examines whether the predictive performance of 
SHGAT originates from the complete reliability-informed architecture 
rather than from an isolated component or a particular network depth. 
As shown in Fig. 12 (a), the full SHGAT achieves the lowest errors, with 
an MAE of approximately 0.017 and an RMSE of approximately 0.033, 
while maintaining a correlation close to 0.992. Removing the reliability 
gate, modality fusion, or stochastic learning produces a pronounced 
deterioration in both error and correlation, whereas eliminating the 
hybrid graph causes a smaller but still detectable degradation. This hi
erarchy indicates that reliability-conditioned information allocation and 
stochastic regularization provide substantial contributions to the final 
inference quality, while hybrid neighborhood propagation supplies 
complementary structural information. The depth analysis in Fig. 12 (b) 
identifies three attention layers as the most favorable configuration, 
simultaneously yielding the minimum MAE and the highest correlation 
and composite score. Two layers provide insufficient propagation ca
pacity, whereas increasing the depth to four or five layers leads to 
progressively weaker performance, suggesting that excessive propaga
tion begins to dilute locally discriminative pressure information rather 
than adding useful network context.

For a broader architectural benchmark, three representative graph- 
learning approaches were considered under the same data and 
training protocol. GraphSAGE [91] represents neighborhood aggrega
tion by combining each road segment with information summarized 

Fig. 11. Source ablation and cross-source contribution diagnostics: (a) MAE and correlation degradation after removing embedding, flow, temporal, camera, or static 
feature groups, (b) top-risk rank overlap and mean prediction shift after source ablation, (c) distributional distortion and KS distance after source removal, (d) mean 
modality weights βe for high-pressure and low-pressure cohorts over geometry, flow, temporal, and camera channels, (e) residual distributions under camera-covered 
and camera-sparse observation regimes, (f) cross-source ablation-shift correlation matrix.
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from its adjacent segments, whereas GATv2 [92] introduces dynamic 
attention to allow neighbor importance to depend more flexibly on the 
interacting graph entities. DCRNN-based [93] encoding provides a 
diffusion-oriented alternative that propagates information through 
directed graph transitions and is particularly relevant to 

transportation-network modeling. Against these representative aggre
gation, attention, and diffusion mechanisms, Fig. 12 (c) shows that 
SHGAT provides the best overall predictive accuracy, with consistently 
lower MAE and RMSE and higher correlation. GATv2 is the closest 
competing architecture, whereas GraphSAGE and DCRNN exhibit more 

Fig. 12. Architectural contribution, attention-depth sensitivity, benchmark comparison, and generalization behavior of the proposed SHGAT: (a) component-wise 
architectural ablation in terms of MAE, RMSE, and correlation, (b) sensitivity of predictive performance to the number of attention layers, (c) standardized com
parison with GraphSAGE-, GATv2-, and DCRNN-based graph encoders, (d) raw MSE trajectories for the training probe, perturbed validation probe, and stochastic 
mini-batches, (e) raw MAE evolution and validation–training generalization gap, (f) evolution of validation correlation and the relative overfitting index.

Fig. 13. Cross-run reliability and stochastic stability of SHGAT inference: (a) cumulative MAE and correlation statistics with increasing numbers of repeated runs, (b) 
road-class-specific dispersion of peak-window predictions across runs, (c) distributions of MAE, RMSE, and correlation over 100 independent runs, (d) repeated-run 
stability of SHGAT and alternative graph encoders, (e) pairwise top-risk overlap among 100 SHGAT runs, (f) run-wise relationship between validation MAE, cor
relation, and top-risk consistency.
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evident performance losses. This comparison indicates that the observed 
improvement cannot be attributed solely to generic neighborhood ag
gregation, dynamic graph attention, or diffusion-based propagation. 
Instead, explicitly incorporating observation reliability, structural 
compatibility, and reliability-gated information fusion provides addi
tional benefit for representing heterogeneous and unevenly observed 
road-network evidence.

The optimization behavior in Fig. 12 (d)–(f) further supports the 
stability of this architectural advantage. Both MSE and MAE decrease 
rapidly during the early training stage and subsequently enter a gradual 
convergence regime, while the perturbed validation probe follows the 
training trajectory without developing persistent divergence. The vali
dation–training MSE gap remains close to zero throughout most epochs 
despite local stochastic fluctuations. Meanwhile, the validation corre
lation rises rapidly above 0.9 and approaches approximately 0.99 as 
training proceeds, whereas the relative overfitting index fluctuates 
around zero without a systematic upward trend. These results indicate 
that the selected architecture reaches a stable high-correlation regime 
without progressive train–validation separation, supporting the adopted 
three-layer configuration and stochastic training strategy.

Fig. 13 evaluates whether the inferred pressure field remains statis
tically reliable under repeated stochastic training. Panel (a) shows that 
the cumulative performance estimates vary noticeably when only a 
small number of runs are considered, but become substantially more 
stable as the repetition count increases. The mean MAE gradually settles 
around 0.06–0.07 after approximately 30–50 runs, while the mean 
correlation stabilizes slightly above 0.90. The persistent error bars 
indicate that stochastic initialization, mini-batch sampling, dropout, and 
feature perturbation produce non-negligible run-to-run variability, 
making a single realization insufficient for characterizing model reli
ability. Panel (b) further reveals that this variability is structurally 
heterogeneous across the road network. Residential and tertiary roads 
exhibit comparatively small prediction dispersion, whereas trunk and 
motorway-link segments show markedly larger cross-run standard de
viations. This suggests that stochastic uncertainty is amplified on road 

classes with stronger network influence or more heterogeneous opera
tional states, rather than being uniformly distributed across segment 
types.

The distributional results in Fig. 13 (c) reinforce this interpretation. 
Most of the 100 runs are concentrated within relatively narrow MAE and 
RMSE ranges, while correlation remains predominantly above 0.90; 
only a limited number of runs produce substantially weaker agreement. 
Panel (d) shows that the repeated-run behavior also depends on the 
graph encoder. SHGAT remains competitive with GraphSAGE and ex
hibits a favorable balance between predictive correlation and error, 
whereas GATv2 and particularly DCRNN show larger mean errors under 
the repeated-run protocol. GraphSAGE displays a slightly higher mean 
correlation and lower mean MAE in this specific repeated-run experi
ment, indicating that stochastic stability and best single-configuration 
predictive accuracy are not necessarily identical criteria. This comple
ments the standardized comparison in Fig. 12 (c), where SHGAT ach
ieves the strongest overall predictive performance under the main 
evaluation protocol.

Panels (e) and (f) examine whether stochastic variation materially 
changes the segments identified as high risk. The pairwise overlap ma
trix in Fig. 13 (e) is dominated by moderate-to-high overlap values, with 
most off-diagonal entries remaining well above 0.6, indicating that the 
top-risk set is considerably more stable than the raw prediction errors 
alone would suggest. Several block-like patterns nevertheless reveal 
groups of runs with stronger mutual consistency, reflecting sensitivity to 
particular stochastic realizations. Panel (f) shows a clear inverse rela
tionship between validation MAE and correlation: most runs cluster in 
the high-correlation, low-error region, whereas a small number of un
favorable runs exhibit both increased MAE and reduced correlation. The 
associated marker sizes further indicate that runs with stronger predic
tive agreement generally preserve a larger fraction of the reference top- 
risk set. Collectively, these results show that the SHGAT framework 
maintains broadly consistent maintenance-priority identification across 
stochastic realizations, while also quantifying the residual variability 
that should be retained in reliability-oriented decision making.

Fig. 14. Residual topology, uncertainty alignment, and error mechanisms: (a) spatial residual sign-coherence field over the hybrid segment graph, (b) mean residual 
over normalized flow evidence F̃e,τ and observation reliability ρe,τ, (c) mean absolute residual and stochastic uncertainty by predicted-pressure decile, (d) sample- 
level alignment between stochastic uncertainty and absolute residual, (e) skewness and kurtosis of temporal residuals over the temporal window set T , (f) error 
and uncertainty variation over hybrid-neighbor degree DH

e .
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Fig. 14 provides a diagnostic view of where SHGAT inference errors 
arise and whether they are spatially, probabilistically, or structurally 
organized. Panel (a) maps the residual sign-coherence field over the 
hybrid segment graph, measuring the agreement between the residual 
sign of a segment and that of its hybrid neighbors. The map shows mixed 
positive and negative coherence rather than one large coherent region, 
suggesting that the model does not produce a systematic spatial bias 
over the whole study area. However, several local clusters remain visible 
around dense central corridors, indicating that local topology and traffic 
concentration still influence residual organization.

Panel (b) links residual magnitude to normalized flow evidence F̃e,τ 
and observation reliability ρe,τ. Large residuals are not uniformly 
distributed across the flow-reliability plane, but mainly appear in in
termediate states where flow evidence and reliability are partially mis
matched. This indicates that high flow alone does not guarantee low 
error, and high reliability does not remove ambiguity when the opera
tional state is dynamically complex. Panel (c) further shows that sto
chastic uncertainty and residuals vary differently across predicted- 
pressure deciles. Uncertainty remains relatively high in the middle 
deciles, while the mean absolute residual is generally small except for a 
local increase in the upper pressure range. Across approximately the 
third to seventh deciles, mean stochastic uncertainty remains near 0.16 
while the mean absolute residual is mostly below 0.02, before a local
ized residual peak of about 0.052 appears at the eighth decile. Thus, the 
uncertainty estimate is not merely a copy of the residual, but reflects 
sensitivity to stochastic feature perturbations.

Panels (d)-(f) further examine uncertainty, residual shape, and graph 
degree. In panel (d), most samples are concentrated in low-residual re
gions, while larger residuals tend to occur under moderate stochastic 
uncertainty, indicating that some errors arise from structural or regime- 
transition effects rather than input noise alone. Panel (e) shows that 
temporal residual distributions are non-Gaussian and vary over the 
temporal window set T , with changing skewness and kurtosis. Panel (f) 
indicates that hybrid-neighbor degree DH

e also affects error and uncer
tainty: higher connectivity does not always reduce residuals, but un

certainty generally decreases from sparse to intermediate degree 
regimes before slightly fluctuating. Mean uncertainty decreases from 
approximately 0.15 in the sparsest degree bin to about 0.09 in the 
highest-connectivity bin, while mean absolute residual remains within a 
comparatively narrow range of approximately 0.013–0.023. Overall, 
Fig. 14 shows that the remaining errors are governed by local graph 
topology, flow-reliability mismatch, stochastic feature sensitivity, and 
temporal regime variation, supporting the need for reliability-aware 
diagnostics beyond standard accuracy metrics.

4.3. Robustness, counterfactual resilience, and maintenance decision 
support

This subsection shifts the analysis from model fitting to operational 
usefulness. Since road operation-maintenance applications require sta
ble decisions under incomplete, noisy, and unevenly reliable observa
tions, the proposed framework is examined under source degradation, 
stochastic perturbation, and counterfactual intervention scenarios. The 
results evaluate how pressure predictions respond to camera dropout, 
trajectory degradation, flow noise, geometry noise, demand scaling, 
capacity variation, and sensor-related changes. The subsection further 
connects uncertainty, source-channel sensitivity, propagation gap, and 
intervention value to maintenance-priority mapping. In this way, the 
inferred pressure field is translated into decision-oriented evidence for 
identifying high-risk segments, evaluating intervention benefits, and 
designing reliability-aware maintenance portfolios.

Fig. 15 evaluates whether the learned pressure field responds 
reasonably under controlled counterfactual changes in sensing, demand, 
and capacity conditions. Panel (a) shows that the network-level mean 
pressure mainly increases with the demand-scaling factor, while 
camera-retention variation produces a weaker but visible effect. This 
indicates that the predicted operation-maintenance pressure is primarily 
demand-sensitive, but its magnitude is also conditioned by retained 
observation reliability. In practical terms, higher demand under 
incomplete camera retention leads to a higher inferred burden, which is 

Fig. 15. Counterfactual pressure response under camera, demand, and capacity variation: (a) counterfactual mean pressure under camera-retention and demand- 
scaling scenarios, (b) top-decile predicted pressure under capacity-retention and demand-scaling scenarios, (c) marginal pressure relief under capacity recovery, 
(d) top-risk rank overlap and mean prediction shift under camera-retention variation, (e) road-class-specific recovery benefit, (f) capacity-retention relief gradient 
and top-risk rank stability.
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consistent with the reliability-gated design of the framework.
Panel (b) focuses on the top-decile predicted pressure under 

capacity-retention and demand-scaling scenarios. Compared with the 
network mean, the high-pressure subset is more sensitive to capacity and 
demand variation. Lower capacity retention combined with higher de
mand scaling clearly elevates the top-decile pressure, which is important 
because maintenance planning is usually driven by the most stressed 
road segments rather than by the network average. Panel (c) further 
confirms this distinction. Pressure relief, computed as the difference 
between baseline and counterfactual pressure after capacity recovery, 
improves with increasing capacity retention for both network mean and 
top-decile pressure. As the capacity-retention factor increases from 
approximately 0.55 to 1.05, network-mean pressure relief rises from 
about − 0.031 to 0.006, while the top-decile relief increases from 
roughly − 0.024 to 0.003. The smoother top-decile curve suggests that 
high-risk segments preserve a more stable response pattern under ca
pacity recovery.

Panels (d)-(f) provide decision-oriented interpretation. Panel (d) 
shows that reducing camera retention causes only moderate changes in 
the top-risk set: rank overlap remains high, while the mean prediction 
shift decreases as camera retention approaches the baseline. Even at a 
camera-retention factor of 0.50, the top-risk rank overlap remains 
approximately 0.84 and increases progressively to 1.00 as full camera 
retention is restored. This suggests that the high-risk ordering is not 
overly fragile to camera degradation, although camera information still 
affects pressure magnitude. Panel (e) shows that recovery benefits are 
road-class-dependent, with some classes showing positive mean relief 
and others showing weaker or negative relief, likely reflecting differ
ences in flow concentration, geometric role, and camera-supported 
reliability. Panel (f) shows that marginal relief is strongest at lower 
capacity-retention levels and decreases as capacity approaches the 
baseline, while top-risk rank retention remains high over most of the 
range. Overall, Fig. 15 demonstrates that SHGAT supports 

counterfactual reasoning by distinguishing average and top-risk pres
sure, identifying nonlinear capacity benefits, and preserving 
maintenance-priority structure under plausible sensing and demand 
perturbations.

Fig. 16 translates the inferred pressure field into maintenance- 
oriented decision evidence. Panel (a) maps the local intervention- 
value field, which combines source-channel sensitivity, stochastic un
certainty, and reliability-conditioned pressure information. High values 
are localized in specific corridors and dense central areas rather than 
uniformly distributed, indicating that intervention value is jointly sha
ped by pressure sensitivity and observational weakness. Panel (b) fo
cuses on camera-sparse pressure exposure at the peak-demand window 
τ∗, where τ∗ denotes the temporal window with the largest total trajec
tory demand. The high-pressure region is concentrated in a camera- 
sparse central corridor, suggesting that the framework can reveal hid
den operational burden where direct camera support is limited. Within 
this central camera-sparse corridor, the predicted peak-window pressure 
frequently exceeds approximately 0.8 and locally approaches 1.0.

Panel (c) evaluates intervention efficiency through length- 
normalized capture curves, which measure the fraction of total pres
sure, stochastic uncertainty, or sensor-relief objective captured when 
segments are selected by priority per unit length. The pressure curve 
rises fastest, indicating that a relatively small selected length fraction 
can cover a large share of the predicted pressure burden. Selecting 
approximately 20% of the total road length captures about 50% of the 
pressure objective, compared with roughly 44% of stochastic uncer
tainty and 34% of the sensor-relief objective. In contrast, the uncertainty 
and sensor-relief curves increase more gradually, suggesting that un
certainty reduction and sensing improvement require broader spatial 
coverage than pressure capture alone. This distinction shows that 
pressure-oriented and sensing-oriented interventions may prioritize 
different road segments.

Panels (d)-(f) further explain how the framework supports practical 

Fig. 16. Maintenance-oriented pressure priority and intervention value: (a) local intervention-value field derived from sensitivity, uncertainty, and reliability-aware 
pressure information, (b) camera-sparse pressure exposure represented by predicted pressure Ŷ e,τ∗ at the peak-demand window τ∗, (c) length-normalized capture 
curves for pressure, stochastic uncertainty, and sensor-relief objectives, (d) road-class hidden-risk decomposition by exposure, uncertainty, and structural contri
bution, (e) fused maintenance priority field, (f) decision quadrant between observation reliability ρe,τ∗ and predicted pressure Ŷ e,τ∗ .
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prioritization. Panel (d) decomposes hidden risk by road class into 
exposure, uncertainty, and structural contribution. Uncertainty domi
nates for most classes, while structural contribution varies by class, 
indicating that maintenance priority cannot be inferred from traffic 
exposure alone. Panel (e) presents the fused maintenance priority field, 
where high-priority segments remain spatially concentrated rather than 
randomly scattered. Panel (f) compares predicted pressure Ŷe,τ∗ with 
observation reliability ρe,τ∗ . The most critical region corresponds to high 
pressure and relatively low reliability, where strong operational burden 
coincides with insufficient observability. Overall, Fig. 16 shows that 
SHGAT converts multi-source fusion outputs into actionable evidence 
for selecting maintenance targets, identifying camera-sparse risks, and 
balancing pressure reduction with uncertainty-aware sensing 
improvement.

Fig. 17 examines the robustness of the proposed pressure-inference 
framework under systematic source degradation and perturbation. 
Panel (a) shows the prediction shift under joint camera dropout and 
trajectory dropout, where prediction shift denotes the mean absolute 
change between perturbed and baseline inferred pressure. The surface 
increases smoothly as both dropout probabilities grow, indicating 
gradual rather than abrupt stability loss. Even when both camera and 
trajectory dropout probabilities increase to 0.50, the mean prediction 
shift remains approximately 0.025, compared with about 0.010 under 
the mildest degradation condition. This suggests that SHGAT retains 
considerable resilience when observation support is partially removed, 
although trajectory degradation has a slightly stronger effect than 
camera degradation under higher perturbation levels. Panel (b) presents 
the MAE surface under joint flow-noise and geometry-noise perturba
tion. The dominant gradient follows the flow-noise direction more 
strongly than the geometry-noise direction, indicating that pressure 
inference is more sensitive to distortion in dynamic traffic evidence than 
to moderate corruption of static geometric descriptors.

Panels (c) and (d) further clarify the structural robustness of high- 
risk identification. In panel (c), high-pressure rank overlap remains 
relatively high over a broad range of camera and trajectory degradation, 

although it gradually declines as perturbations intensify. This is 
important because maintenance prioritization depends more on stable 
relative ordering than on exact pointwise equality. Panel (d) evaluates 
the non-additive dropout interaction, namely the extra degradation 
beyond the sum of the two marginal effects. The interaction field is 
mostly moderate, with only a few localized high-response regions, 
suggesting that the joint impact of camera and trajectory loss is largely 
predictable and does not usually cause severe compounding instability.

Panels (e) and (f) summarize the budgeted and diagonal robustness 
behavior. In panel (e), both worst-case prediction shift and worst-case 
rank loss increase steadily with perturbation budget, but the smooth 
increase indicates graceful degradation under bounded adverse condi
tions. As the perturbation budget increases from 0 to 1, the worst-case 
prediction shift rises from approximately 0.009 to 0.026, while the 
corresponding rank loss increases from about 0.03 to 0.13. Panel (f) 
shows the diagonal degradation profile under equalized flow-geometry 
noise. MAE rises monotonically, while the local degradation curvature 
remains small at low-to-moderate noise and becomes more pronounced 
only at larger perturbation levels. This means that the framework is 
stable under mild noise but deteriorates more rapidly after perturbations 
exceed a higher threshold. Overall, Fig. 17 shows that the proposed 
method is robust to realistic source degradation, while dynamic traffic 
information remains the most critical component for accurate and stable 
pressure inference.

Fig. 18 provides a propagation-aware view of uncertainty and 
deployment priority at the peak-demand window τ∗. In panel (a), the 
stochastic uncertainty field is obtained from Monte Carlo perturbations 
of the dynamic inputs, with low observation reliability further 
increasing the final uncertainty score. The map shows that uncertainty is 
not uniformly distributed, but is mainly concentrated in the dense 
central corridor, while many peripheral segments remain at much lower 
levels. Quantitatively, the uncertainty in the central corridor commonly 
reaches about 0.14–0.18, whereas many peripheral segments remain 
below approximately 0.08. This indicates that the most operationally 
important region is also where inference confidence is relatively weaker, 

Fig. 17. Robustness of pressure inference under source degradation and perturbation: (a) prediction shift under joint camera dropout and trajectory dropout, (b) 
MAE surface under joint flow-noise and geometry-noise perturbation, (c) high-pressure rank overlap under camera and trajectory degradation, (d) non-additive 
dropout interaction beyond marginal degradation, (e) worst-case prediction shift and rank loss under bounded perturbation budget, (f) diagonal degradation pro
file under joint flow-geometry noise, including MAE and local curvature of degradation.
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Fig. 18. Stochastic uncertainty, source sensitivity, and propagation-aware deployment: (a) peak-window stochastic uncertainty field obtained from Monte Carlo 
perturbations of dynamic features, (b) local source-channel sensitivity with respect to flow evidence and camera-related reliability, (c) local pressure propagation gap 
between Ŷ e,τ∗ and its hybrid-neighborhood average, (d) deployment priority over normalized uncertainty and propagation-gap states, (e) uncertainty clustering over 
the hybrid adjacency AH , (f) temporal signature of top-priority road segments, including mean pressure proxy Ye,τ, remaining-edge pressure, and top-risk reli
ability ρe,τ.

Fig. 19. Decision-oriented intervention diagnostics and portfolio structure: (a) priority matrix over sensor-relief and demand-amplification states, (b) sensor-relief 
matrix over camera-channel and flow-channel sensitivities, (c) smoothing-need matrix over peak uncertainty and segment length l e , (d) priority surface over 
modality entropy EM

e and attention entropy EA
e , (e) class-level sensor-upgrade relief and demand amplification, (f) intervention-portfolio diversity and graph clus

tering as the selected segment fraction increases.
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making maintenance-oriented decision support particularly necessary. 
Panel (b) shows that local source-channel sensitivity is more widely 
spread along the flow channel than along the camera-related channel. 
Since sensitivities are computed by perturbing the corresponding input 
channel and measuring the induced pressure change, this result suggests 
that the inferred pressure field is more strongly driven by flow evidence, 
although some segments still show non-negligible camera sensitivity.

Panels (c)-(e) clarify how uncertainty interacts with hybrid-graph 
propagation. The local pressure propagation gap in panel (c), defined 
as the difference between the local prediction Ŷe,τ∗ and the average 
prediction over hybrid neighbors, is spatially concentrated rather than 
random. Most segments remain close to zero, but several zones in the 
main corridor show positive or negative departures, indicating locally 
amplified or suppressed pressure relative to surrounding segments. 
Panel (d) shows that deployment priority becomes highest when both 
uncertainty and the normalized propagation gap are high, meaning that 
segments are most intervention-worthy when they are uncertain and 
structurally inconsistent with their neighborhood. Panel (e) further 
confirms uncertainty clustering over the hybrid adjacency AH, where 
high-uncertainty segments tend to connect with neighbors of similarly 
high uncertainty. This supports area-based maintenance planning rather 
than purely isolated segment-wise intervention.

Panel (f) summarizes the temporal signature of top-priority seg
ments. The mean pressure proxy Ye,τ for top-priority edges remains 
consistently higher than that of the remaining edges across most tem
poral windows T , with a stable separation during the main operating 
period. Across the main operating windows, the mean pressure proxy of 
top-priority edges stays around 0.71–0.73, compared with roughly 0.43 
for the remaining edges, while the corresponding top-risk reliability 
fluctuates only slightly around 0.32. In contrast, their reliability curve 
varies only mildly and stays at a moderate level. This shows that the 
selected priority segments are not simply the least reliable ones, but 
those where sustained pressure burden, uncertainty, and propagation- 
related inconsistency coincide. Overall, Fig. 18 demonstrates that the 
proposed framework identifies deployment targets through the joint 
assessment of predictive burden, stochastic instability, and graph- 
mediated spatial context, making the resulting intervention priorities 
more informative than pressure-only ranking.

Fig. 19 translates the previous inference and robustness results into a 
decision-oriented intervention perspective. Panel (a) shows the priority 
matrix over sensor-relief and demand-amplification states. Sensor-relief 
measures the pressure reduction produced by improving camera sup
port, whereas demand amplification measures the pressure increase 
under intensified demand. The highest priority appears where demand 
sensitivity and observation-improvement benefit coexist, indicating that 
effective intervention targets are jointly shaped by operational stress 
and observational recoverability. Panel (b) further maps sensor-relief 
against camera-channel and flow-channel sensitivities. The strongest 
relief occurs where camera sensitivity is high but flow sensitivity is low 
to moderate, suggesting that sensor upgrades are most valuable when 
the main limitation is observational rather than purely traffic-driven. 
Panel (c) shows that larger smoothing-need values are concentrated in 
high-uncertainty bins, especially for medium-to-long segments, indi
cating that uncertainty-aware smoothing or local coordination should 
focus on structurally important segments instead of being applied 
uniformly.

Panels (d) and (e) relate decision priority to information fusion and 
road-class heterogeneity. In panel (d), the priority surface is shown over 
modality entropy EM

e and attention entropy EA
e , representing source- 

allocation balance and attention dispersion over hybrid neighbors, 
respectively. The non-monotonic surface indicates that high-priority 
segments are not simply those with maximum fusion uncertainty, but 
those located in entropy regimes where cross-source evidence remains 
mixed and structurally informative. Panel (e) shows that intervention 
leverage differs by road class. Sensor-upgrade relief is stronger for 

classes such as trunk and tertiary roads, whereas demand amplification 
is more pronounced for several urban service-oriented classes. The 
sensor-upgrade relief reaches approximately 0.059 for trunk roads and 
0.053 for tertiary roads, compared with only about 0.023 for unclassi
fied roads. This suggests that maintenance strategies should be class- 
sensitive because sensing improvement and demand vulnerability are 
unevenly distributed across the road hierarchy.

Panel (f) summarizes the intervention portfolio as the selected 
segment fraction increases. Selected-neighbor clustering increases 
steadily and approaches 1, showing that larger portfolios become more 
spatially and topologically contiguous. Meanwhile, selected-set class 
entropy decreases from about 0.76 to a minimum near 0.70 at a selected 
fraction of approximately 0.6, before recovering to about 0.75 as the 
portfolio approaches full coverage, indicating a shift from an initially 
diverse candidate pool to a concentrated core set, followed by renewed 
diversification as lower-priority segments are added. This suggests that 
the highest-value intervention portfolio is not merely a list of isolated 
critical edges, but a structured subset with thematic selectivity and 
increasing spatial coherence, which is useful for coordinated mainte
nance deployment and staged operational planning.

4.4. Cross-city external validation and generalization assessment

To further assess the generalization capability of the proposed 
framework beyond the original Shenzhen case, an independent cross- 
city validation was conducted using a separate dataset from Jinan, 
China [90]. The SHGAT model trained using the Shenzhen dataset was 
directly transferred to the Jinan road network without retraining, 
fine-tuning, or city-specific parameter adjustment. Accordingly, the 
Jinan data were used exclusively for external inference and validation, 
providing a more stringent evaluation of whether the learned 
reliability-aware graph representation can remain effective under 
changes in road-network topology, traffic conditions, and observation 
patterns.

The independent validation dataset was collected in Jinan on 
October 17, 2022. As shown in Fig. 20, the trajectory observations cover 
a broad urban road-network area containing multiple road classes and 
spatially heterogeneous traffic corridors. The dashed boundary de
lineates the principal vehicle-trajectory coverage area used in the pre
sent external-validation case. Compared with the Shenzhen dataset used 
for model development, the Jinan case represents an independent 
spatial and temporal setting, thereby enabling the transferability of the 
trained framework to be examined under a different urban road-network 
environment.

Fig. 21 evaluates the cross-city transferability of the Shenzhen- 
trained SHGAT model under a fully frozen setting. As shown in Fig. 21
(a), the Jinan validation case contains a spatially extensive urban road 
network with unevenly distributed camera observations, providing a 
structurally distinct sensing environment from the Shenzhen training 
domain. Despite this change in network topology and observation 
configuration, panel (b) shows that the transferred model preserves 
strong predictive agreement on the independent Jinan dataset, with a 
correlation of r = 0.978. The predicted values remain closely aligned 
with the one-to-one reference across most of the target range, indicating 
that the reliability-informed representation learned in Shenzhen cap
tures pressure-related relationships that remain valid under a different 
urban network and traffic environment. The color distribution further 
suggests that observation reliability affects the spread of the transferred 
predictions without disrupting the overall consistency between the 
target and inferred pressure.

The calibration results in Fig. 21 (c) provide a more detailed view of 
this transfer behavior. The predicted and target decile means follow a 
similar monotonic pattern, particularly in the upper deciles where the 
inferred pressure rises sharply and both curves approach unity. The bias 
remains predominantly negative across most deciles, indicating a mild 
conservative tendency of the frozen model on the Jinan case, with the 
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largest underestimation occurring in the intermediate-to-high pressure 
range rather than at the extreme high-pressure end. This behavior shows 
that the transferred model largely preserves ordinal discrimination 
under cross-city domain shift, while exhibiting moderate compression of 
some intermediate pressure levels.

Panels (d) and (e) reveal that the external performance is not 
temporally or structurally uniform. Across the 24 time windows, the 
MAE remains within a relatively narrow range for most periods, whereas 
the correlation exhibits stronger temporal variation and recovers to a 
high level in the later windows. This indicates that the transferred model 
is more sensitive to temporal operating regimes than to global error 
inflation. The road-class analysis in Fig. 21 (e) shows a similar hetero
geneity: primary and trunk-related categories generally exhibit lower 
MAE and stronger correlation, whereas unclassified roads and living- 

street-type segments present weaker transfer performance. This sug
gests that cross-city generalization is stronger for road classes with more 
regular operational patterns and clearer structural roles.

Fig. 21 (f) further links the residual structure to observation reli
ability. The residual magnitude does not decrease monotonically with 
reliability; instead, larger errors occur within several intermediate 
reliability intervals that also contain substantial sample shares. This 
indicates that external prediction difficulty is governed not only by 
nominal observation confidence, but also by the concentration of chal
lenging traffic states within particular reliability ranges. Overall, the 
results demonstrate that the frozen SHGAT model retains strong cross- 
city predictive consistency while preserving interpretable temporal, 
structural, and reliability-dependent error patterns under the indepen
dent Jinan case.

Fig. 20. Study area and vehicle trajectory coverage of the Jinan external-validation dataset on October 17, 2022.

Fig. 21. Independent external validation of the frozen SHGAT model on the Jinan dataset: (a) Jinan road network and camera observations, (b) agreement between 
the weak pressure target and frozen-model prediction, colored by observation reliability, (c) external decile calibration and prediction bias, (d) time-resolved external 
validation performance, (e) road-class-specific external validation, (f) reliability-conditioned external residual behavior.
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Fig. 22 extends the external validation from aggregate prediction 
accuracy to the spatial and decision-oriented behavior of the transferred 
model. The predicted peak-window pressure field in Fig. 22 (a) is clearly 
heterogeneous rather than spatially diffuse, with several concentrated 
high-pressure corridors embedded within a broader medium- to low- 
pressure background. This indicates that the frozen model retains the 
ability to differentiate localized operational burden under a new city 
setting. The corresponding residual map in Fig. 22 (b) shows that most 
segments remain within a relatively low-error range, while larger ab
solute residuals appear only in limited spatial pockets. The transferred 
pressure field is therefore not only spatially structured, but also spatially 
credible over most of the observed network.

The uncertainty field in Fig. 22 (c) provides an important comple
ment to the residual analysis. The stochastic uncertainty is not uniformly 
distributed and tends to increase in portions of the network where 
prediction variability is more sensitive to perturbation. However, these 
zones do not coincide perfectly with the largest residual clusters in 
Fig. 22 (b), implying that instantaneous prediction error and stochastic 
sensitivity capture different aspects of transfer behavior. In practical 
terms, this distinction is valuable: some segments are difficult because 
they are systematically harder to fit, whereas others are mainly sensitive 
to stochastic variation in the transferred inference process.

The maintenance-priority field in Fig. 22 (d) shows that the exter
nally inferred priority pattern remains selective and spatially organized, 
rather than merely reproducing the raw pressure map. This is further 
clarified by the pressure–reliability decision space in Fig. 22 (e). High 
maintenance priority concentrates primarily in the region combining 
elevated predicted pressure with lower or moderate observation reli
ability, whereas segments with similarly high pressure but stronger 
observational support are assigned comparatively lower priority colors. 
This confirms that the decision score is not a simple pressure ranking; it 
incorporates the interaction between latent operational burden and 
observation confidence, thereby preserving the reliability-aware design 
principle of the framework under cross-city transfer.

The cross-city exceedance comparison in Fig. 22 (f) further high
lights the distinct pressure distribution learned for the Jinan case. The 
Shenzhen curve decreases sharply around the mid-pressure range, 
whereas the Jinan curve decays more gradually and stays higher over a 
broader range of thresholds. This indicates that high-pressure segments 
are more persistently represented in the transferred Jinan distribution, 
suggesting a heavier upper tail in the inferred maintenance-pressure 
profile. In other words, the Jinan case is not only predictable by the 

frozen model, but also exhibits a different pressure-risk structure from 
the Shenzhen training domain. Taken together, Fig. 22 shows that the 
proposed framework preserves spatial discrimination, interpretable 
uncertainty, and reliability-informed prioritization when transferred to 
an independent city, thereby supporting both its external validity and its 
practical relevance for cross-network maintenance screening.

5. Discussion

The weak pressure field provides a structured supervisory signal 
derived from trajectory-based operational evidence, and several of its 
constituent variables also enter the subsequent inference process. This 
design places the model within a weakly supervised learning setting, 
where the principal objective is to learn a stable network-level repre
sentation of operational maintenance pressure from incomplete and 
heterogeneous observations. The SHGAT architecture expands the in
formation available to each segment through hybrid-neighborhood 
propagation, road geometry, road class, observation reliability, modal
ity allocation, and stochastic perturbation, allowing the inferred pres
sure field to reflect broader spatial and contextual relationships than the 
local weak-label formulation alone. Holdout evaluation, component 
ablation, robustness analysis, and independent cross-city transfer 
further assess the stability of this learned representation under changes 
in samples, model components, sensing conditions, and network envi
ronments. The resulting pressure field is therefore most appropriately 
interpreted as an operational maintenance-risk proxy, with future 
incorporation of pavement-condition surveys, inspection records, and 
maintenance histories providing an additional basis for physical 
calibration.

For road maintenance management, the inferred pressure, stochastic 
uncertainty, observation reliability, intervention value, and 
maintenance-priority score can be combined into a hierarchical 
screening process. Network segments with persistently elevated pressure 
and priority can be identified for earlier inspection, while areas char
acterized by high operational burden and weak sensing support can 
receive additional monitoring before intervention decisions are final
ized. Spatial clustering and propagation diagnostics can further reveal 
connected critical corridors, which is useful when maintenance activ
ities are organized at corridor or network level rather than for isolated 
segments. The capture-curve and intervention analyses also provide a 
basis for allocating limited maintenance and sensing resources toward 
subsets of the network that account for a comparatively large share of 

Fig. 22. Spatial transferability and externally transferred maintenance inference of the frozen SHGAT model in Jinan: (a) peak-window predicted pressure field, (b) 
spatial distribution of absolute residuals, (c) stochastic uncertainty field under frozen-model perturbations, (d) transferred maintenance-priority field, (e) pressur
e–reliability decision space colored by maintenance priority, (f) cross-city comparison of peak-pressure exceedance curves between Shenzhen and Jinan.
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the inferred burden. Counterfactual responses under different sensing, 
demand, and capacity conditions add another layer of decision infor
mation by showing how candidate interventions may alter the spatial 
distribution of pressure and priority.

Agency-level implementation can be organized around routinely 
available road-network, trajectory, traffic-observation, and camera- 
deployment data. Directed road connectivity, road class, geometry, 
and sensing availability provide the static network description, while 
time-referenced vehicle movements or equivalent segment-level traffic 
observations supply the dynamic evidence required for periodic pressure 
updating. The current framework uses a compact graph-learning and 
multilayer inference structure with sparse neighborhood construction, 
making network-wide inference suitable for repeated operational 
assessment once data preprocessing has been completed. In practice, 
major implementation considerations are likely to arise from trajectory 
access, map matching, synchronization among heterogeneous data 
sources, evolving road-network topology, uneven sensing quality, and 
transfer across operating environments. Periodic updating with newly 
available inspection and maintenance information can progressively 
strengthen local calibration and maintain the relevance of the inferred 
priorities as network conditions evolve.

6. Conclusion

This study developed a reliability-informed stochastic hybrid graph 
attention network (SHGAT) framework for uncertainty-aware road 
operation-maintenance risk inference under heterogeneous and camera- 
sparse traffic-network observations. The framework transformed full- 
day vehicle trajectories into segment-time operational evidence, 
including flow exposure, traversal-time burden, inverse-speed pressure, 
temporal irregularity, neighbor-induced recurrence, bottleneck 
contrast, observation reliability, and uncertainty. These evidence com
ponents were integrated with road geometry, road class, topology, and 
camera availability to construct a weak operation-maintenance pressure 
field and a hybrid segment graph. In this formulation, the inferred 
pressure is treated as a reliability-risk proxy rather than a direct 
pavement-damage label, which makes the framework suitable for early 
screening and decision support when direct maintenance records or 
condition measurements are unavailable.

The empirical results showed that road operation-maintenance 
pressure is highly heterogeneous in both space and time. Pressure- 
related evidence was concentrated in limited corridors and segment 
groups, while camera observability was unevenly distributed across the 

network. The SHGAT architecture captured reliability-aware neighbor
hood propagation and source-specific fusion behavior, and the sto
chastic mini-batch learning process achieved stable convergence and 
strong agreement between predicted pressure and weak pressure tar
gets. Source ablation and modality analysis further indicated that flow 
and temporal evidence dominate the inferred pressure magnitude, 
whereas camera and static information mainly contribute to reliability 
conditioning, structural stabilization, and interpretability. These find
ings suggest that maintenance-oriented network risk cannot be reliably 
inferred from traffic exposure alone, but requires the joint interpretation 
of demand, temporal instability, observability, topology, and source 
reliability.

The robustness and decision-oriented analyses further demonstrated 
the value of the proposed framework for reliability-based maintenance 
planning. The inferred pressure field remained relatively stable under 
camera dropout, trajectory degradation, flow noise, and geometry 
perturbation, while counterfactual experiments revealed how pressure 
responds to changes in sensing, demand, and capacity conditions. The 
resulting uncertainty fields, source-channel sensitivities, propagation 
gaps, intervention values, and priority portfolios provide interpretable 
evidence for identifying camera-sparse high-pressure segments and 
supporting risk-informed maintenance decisions. A limitation of the 
present study is that the weak pressure target is derived from operational 
observations rather than direct pavement-condition records or 
maintenance-failure records. Future work should therefore integrate 
multi-day trajectories, inspection data, pavement distress measure
ments, accident or service-disruption records, and field maintenance 
logs to further calibrate and validate the inferred reliability-risk in
dicators. Overall, the proposed SHGAT framework offers a data-driven 
and uncertainty-aware approach for transforming heterogeneous 
traffic-network observations into actionable road infrastructure reli
ability intelligence.
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Appendix A. Auxiliary road-network and trajectory evidence construction

The road-network representation and trajectory records are transformed into a set of geometric, topological, and operational descriptors before 
being incorporated into the pressure-inference framework. This appendix presents the detailed formulations used to construct these descriptors, 
including road geometry, traversal characteristics, temporal variability, neighboring flow recurrence, and bottleneck-related evidence.

Let T m denote the m-th vehicle trajectory. Each trajectory is represented by an ordered sequence of node-time observations: 

T m =
{(

vm,q, tm,q
)}

q∈Q m
, (A1) 

where vm,q ∈ V is the visited node, tm,q is the associated timestamp, and Q m is the ordered point index set of trajectory m. Consecutive node pairs are 
matched to directed road segments whenever a direction-compatible segment exists. The traversal event indicator for segment e and trajectory step q 
is: 

Im,q
e = I

{(
vm,q, vm,q+

)
∼ e
}
, (A2) 

where q+ is the successor of q, ∼ denotes direction-compatible segment matching, and I{⋅} is the indicator function. The traversal duration associated 
with this event is: 

Δtm,q = tm,q+ − tm,q. (A3) 

The observation horizon is partitioned into a sequence of time windows {I τ}τ∈T , where τ indexes a temporal bin. The segment-time indicator is: 
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Im,q
e,τ = Im,q

e II
[
tm,q ∈ I τ

]
(A4) 

The trajectory-derived flow matrix F ∈ RNE×|T | is defined by: 

Fe,τ =
∑

m

∑

q∈Q m

Im,q
e,τ . (A5) 

The cumulative traversal-time matrix ST and squared traversal-time matrix ST2 are: 

ST
e,τ =

∑

m

∑

q∈Q m

Δtm,qIm,q
e,τ , (A6) 

ST2
e,τ =

∑

m

∑

q∈Q m

(
Δtm,q

)2Im,q
e,τ . (A7) 

The mean traversal-time burden is obtained as: 

Te,τ =
ST

e,τ

Fe,τ + ε, (A8) 

and the traversal-time variance is: 

VT
e,τ =

ST2
e,τ

Fe,τ + ε −
(
Te,τ
)2
. (A9) 

The temporal irregularity index is then: 

Ωe,τ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

max
(

VT
e,τ,0

)√

Te,τ + ε
. (A10) 

The empirical segment speed is: 

Ue,τ =
l e

Te,τ + ε
. (A11) 

Since high speed usually indicates lower operational burden, the inverse-speed pressure evidence is represented by: 

Ũ
− 1
e,τ = 1 − N

(
Ue,τ
)
. (A12) 

The normalized dynamic flow, traversal-time burden, and time-irregularity features are: 

F̃e,τ = N
(
log
(
1+ Fe,τ

))
, (A13) 

T̃e,τ = N
(
Te,τ
)
, Ω̃e,τ = N

(
Ωe,τ
)
. (A14) 

The hybrid neighbor count of segment e is: 

DH
e =

∑

eʹ∈E

AH
e,é . (A15) 

The neighbor flow exposure is: 

FN
e,τ =

∑

é ∈E

AH
e,é Fé ,τ, (A16) 

and the corresponding average neighboring flow is: 

FN
e,τ =

FN
e,τ

DH
e + ε. (A17) 

A recurrence-enhanced flow descriptor is introduced as: 

Re,τ = Fe,τ + αRFN
e,τ, (A18) 

where αR is a non-negative recurrence coefficient controlling the contribution of neighboring demand. Its normalized form is: 

R̃e,τ = N
(
log
(
1+Re,τ

))
. (A19) 

The local bottleneck contrast is defined by comparing the segment flow with the total local flow around it: 

Be,τ =
Fe,τ

Fe,τ + FN
e,τ + ε. (A20) 

Its normalized form is denoted by B̃e,τ = N
(
Be,τ
)
. This quantity is high when a segment absorbs a large proportion of its local neighborhood 

demand, which is consistent with a bottleneck-like or concentration-like operational role.
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Time-aggregated descriptors are also used to support static embedding and visualization. The mean pressure, mean reliability, mean flow, and 
mean irregularity of segment e are: 

Ye =
1

|T |

∑

τ∈T

Ye,τ,

ρe =
1

|T |

∑

τ∈T

ρe,τ,

Fe =
1

|T |

∑

τ∈T

Fe,τ,

Ωe =
1

|T |

∑

τ∈T

Ω̃e,τ.

(A21) 

Appendix B. Auxiliary interpretability, evaluation, and diagnostic formulations

The inferred pressure field is further examined from the perspectives of model interpretation, predictive performance, robustness, temporal 
behavior, and classification consistency. This appendix presents the corresponding quantitative formulations used to characterize attention and 
modality behavior, prediction accuracy, perturbation response, residual structure, and distributional changes under different evaluation conditions.

The modality entropy is: 

EM
e = −

∑
m∈M βm

e log
(
βm

e + ε
)

log|M |
, (B1) 

where M = {G,F,T,C}. The modality dominance is: 

DM
e = max

m∈M
βm

e . (B2) 

High modality entropy indicates balanced cross-source fusion, whereas high modality dominance indicates that one evidence channel controls the 
pressure interpretation.

Prediction quality is evaluated through continuous agreement measures. Given validation predictions ŷ and targets y, the mean absolute error 
(MAE) is: 

MAE =
1
N
∑

n∈V a

|ŷn − yn|, (B3) 

where V a is the validation sample set and N = |V a|. The root mean squared error (RMSE) is: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑

n∈V a

(ŷn − yn)
2

√

. (B4) 

The Pearson correlation coefficient is defined as [94]: 

Corr =
∑

n∈V a
(ŷn − ŷ)(yn − y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

n∈V a
(ŷn − ŷ)2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑
n∈V a

(yn − y)2
√

+ ε
, (B5) 

where ŷ and y are validation means.
For network-level mapping, a representative time window τ∗ is selected from the temporal demand profile. The peak-window prediction of 

segment e is: 

P̂e = Ŷe,τ∗ . (B6) 

A structural baseline is introduced to distinguish learned operational pressure from static structural predisposition: 

PS
e = σ

(
θT

S
[
l̃ e, χ̃e, d̃

E
e , κ̃e

]T
+ bS

)
, (B7) 

where θS and bS define the static baseline mapping. The excess pressure is: 

PX
e = P̂e − PS

e . (B8) 

Given a base prediction ŷn and perturbed prediction ŷP
n, the prediction-shift consistency measure is: 

Δcons =
1

NR

∑

n∈R

⃒
⃒ŷP

n − ŷn
⃒
⃒, (B9) 
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where R is the robustness-evaluation sample set and NR = |R |. The perturbed MAE is: 

MAEP =
1

NR

∑

n∈R

⃒
⃒ŷP

n − yn
⃒
⃒. (B10) 

High-pressure rank stability is measured by top-set overlap. Let Topq(a) be the index set of the largest q-fraction of vector a. The rank-overlap score 
is: 

O q =

⃒
⃒
⃒Topq(ŷ) ∩ Topq(ŷ

P
)

⃒
⃒
⃒

⃒
⃒
⃒Topq(ŷ)

⃒
⃒
⃒

. (B11) 

Joint perturbation surfaces are computed by evaluating prediction shift or error over two degradation axes. For camera dropout level a and 
trajectory dropout level b, the shift surface is: 

S
CT
(a, b) =

1
NR

∑

n∈R

⃒
⃒ŷP

n(a, b) − ŷn
⃒
⃒. (B12) 

The non-additive interaction between camera and trajectory degradation is: 

I
CT
(a, b) =

⃒
⃒
⃒S

CT
(a, b) − S

CT
a,⋅ − S

CT
⋅,b +S

CT
⋅,⋅

⃒
⃒
⃒, (B13) 

where the barred terms denote row, column, and global averages over the perturbation surface. A high interaction value indicates that simultaneous 
camera and trajectory degradation causes more complex behavior than the sum of separate degradations.

Temporal diagnostics summarize demand concentration. The active-edge ratio at time τ is: 

AR
τ =

∑
e∈εII

[
Fe,τ > 0

]

NE
. (B14) 

The total temporal demand is: 

FΣ
τ =

∑

e∈E

Fe,τ. (B15) 

The temporal flow concentration index is: 

Hτ =
∑

e∈E

(
Fe,τ

FΣ
τ + ε

)2

. (B16) 

The flow-weighted reliability is: 

ρF
τ =

∑
e∈E ρe,τFe,τ

FΣ
τ + ε . (B17) 

Residual diagnostics are introduced to examine spatial error coherence. Let re be the mean signed residual of segment e over validation samples 
assigned to that segment. The residual sign-coherence score is: 

CR
e = sgn(re)

∑
eʹ∈E AH

e,é sgn(reʹ)

DH
e + ε . (B18) 

A positive value indicates that the segment and its neighbors tend to have residuals with the same sign, suggesting spatially coherent underes
timation or overestimation. A negative value indicates local disagreement in residual direction.

For ordinal diagnostic analysis, continuous pressure targets and predictions can be discretized by empirical quantile thresholds. Let C (y) map a 
continuous value y to an ordinal pressure class. The confusion matrix is: 

Ma,b =
∑

n∈V a

II[C (yn)= a,C (ŷn)= b], (B19) 

where a and b denote target and predicted classes. For high-pressure detection, the Matthews correlation coefficient (MCC) is [95]: 

MCC =
TP⋅TN − FP⋅FN

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

√
+ ε

, (B20) 

where TP, FP, FN, and TN are the standard binary decision counts. The balanced accuracy (BA) is: 

BA =
1
2

(
TP

TP + FN + ε+
TN

TN + FP + ε

)

. (B21) 

Finally, higher-order residual statistics are computed for each time window. If rn,τ is the signed residual of validation sample n in time window τ, its 
skewness is: 

Skewτ =
1
Nτ

∑

n∈V τ

(
rn,τ − rτ

sτ + ε

)3

, (B22) 
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and its kurtosis is: 

Kurtτ =
1
Nτ

∑

n∈V τ

(
rn,τ − rτ

sτ + ε

)4

, (B23) 

where V τ is the validation subset in time window τ, Nτ = |V τ|, rτ is the mean residual, and sτ is the residual standard deviation. These diagnostics 
reveal whether model errors are temporally symmetric or dominated by rare extreme deviations.

In addition to pointwise prediction degradation, the framework evaluates whether removing one source group changes the global distribution of 
pressure predictions. Let G ab denote the set of ablated source groups, including the graph embedding, flow, temporal, camera, and static feature 

groups. For a source group g ∈ G ab, let Ŷ i be the baseline prediction of the i-th test sample and let Ŷ
(− g)
i be the corresponding prediction after replacing 

the features of group g by their empirical median values. The empirical cumulative distribution functions of the baseline and ablated predictions are 
defined as: 

F̂ (z) =
1

Nte

∑i=1

Nte

II{Ŷ i ≤ z},

F̂
(− g)

(z) =
1

Nte

∑i=1

Nte

II
{

Ŷ
(− g)
i ≤ z

}
,

(B24) 

where Nte is the number of test samples, z is a pressure-threshold variable, and I{⋅} is the indicator function. The Kolmogorov-Smirnov (KS) distance 
[96] for source group g is then computed as: 

D(g)
KS = sup

z∈[0,1]
|F̂ (z) − F̂

(− g)
(z)|. (B25) 

A larger D(g)
KS indicates that removing source group g causes a stronger distributional distortion in the predicted pressure field. Therefore, this metric 

complements the mean absolute error and correlation degradation by measuring whether a source group changes the overall pressure-ranking dis
tribution rather than only the samplewise prediction errors.

Data availability

Data will be made available on request.
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