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ABSTRACT

Gap acceptance at unsignalized intersections is a safety-critical decision in which a driver on a stop-
controlled approach must judge whether the available time headway in a conflicting traffic stream
is sufficient to cross safely. Conventional models treat this as a single-vehicle problem, estimating
a critical gap threshold from ego-vehicle kinematics alone—an approach that ignores the multi-
agent reality of intersection negotiation. This paper reframes gap acceptance as a multi-agent
interaction problem and applies a Spatiotemporal Graph Attention Network (ST-GAT) to model it.
Using the INTERACTION Dataset v1.2 across four unsignalized intersection scenarios, we extract
24,627 labeled gap acceptance events and construct per-event scene graphs where nodes represent
agents encoded with ego-relative spatiotemporal features and edges connect agents within a 10-
meter spatial threshold. ST-GAT achieves AUC values between 0.793 and 0.911 across scenarios,
outperforming GCN in all four and remaining competitive with logistic regression. Critically,
attention weight analysis reveals three behavioral patterns consistent across scenarios: proximity
drives attention allocation, non-motorized road users are disproportionately attended during gap
rejections relative to acceptances, and accepted gaps are associated with faster-moving attended
agents. These findings generalize across two intersection geometries and three class balance
conditions, demonstrating that graph attention mechanisms can surface interpretable behavioral
structure in human gap acceptance decisions that single-agent and non-attentive graph models
cannot.

Keywords: Traffic Safety, Surrogate Safety, Gap Acceptance, Graph Neural Networks, Deep Learn-
ing
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INTRODUCTION

Intersections account for a disproportionate share of traffic casualties in the United States, with
unsignalized, stop-controlled locations responsible for nearly two-thirds of all intersection fatali-
ties (/). At the center of this safety problem is gap acceptance: the decision a driver makes, in
real time, about whether the available time headway in a conflicting traffic stream is large enough
to cross safely. A misjudged gap acceptance is one of the most common precursors to severe
intersection crashes, making accurate modeling of this decision both a fundamental behavioral
science problem and a pressing engineering priority.

Classical gap acceptance models treat this as a single-vehicle problem. A driver observes an
ego gap, compares it against some internal critical threshold, and accepts or rejects. This framing
has produced a rich body of work built around logit models, survival analysis, and more recently
machine learning classifiers trained on ego-vehicle kinematics. These approaches are tractable
and interpretable, but they miss something essential: drivers at real intersections do not decide in
isolation. They read pedestrians approaching the crosswalk, anticipate the speed of a vehicle still
8 meters away, and adjust their crossing decision based on the full configuration of agents in the
scene, not just the gap in the primary conflict stream.

This paper reframes gap acceptance as a multi-agent interaction problem and addresses it
with a Spatiotemporal Graph Attention Network (ST-GAT). Scene graphs are constructed for each
decision event, with agents as nodes and spatial proximity as edges, allowing the model to jointly
reason over all agents present at the decision moment. Critically, the attention mechanism produces
interpretable weights that expose which agents the model attends to under accepted versus rejected
gaps, enabling behavioral analysis that purely predictive models cannot support.

Using the INTERACTION Dataset v1.2 across four unsignalized intersection scenarios
totaling 24,627 labeled events, we evaluate ST-GAT against logistic regression and GCN baselines
and analyze attention patterns across intersection types and class balance conditions. The remainder
of this paper is organized as follows: Section 2 reviews related work, Section 3 describes the
dataset and preprocessing pipeline, Section 4 presents the methodology, Section 5 reports results,
and Section 6 concludes with limitations and future directions.

RELATED WORK

Gap acceptance at unsignalized intersections has been studied for decades through the lens of
single-vehicle decision theory. Brilon et al. (2) established maximum likelihood estimation as the
standard method for critical gap inference, framing the problem as a driver comparing an observed
headway against a latent threshold. Subsequent work extended this framework with machine
learning: Nagalla et al. (3) showed that random forests and support vector machines outperform
logit models on multi-class gap acceptance data, while Arathi et al. (4) demonstrated that an ANN
achieves 96.2% classification accuracy with gap duration as the dominant predictor. Li et al. (5)
further contextualized these results using naturalistic driving data, reporting critical gaps of 5.25 s
for right-turn and 6.19 s for left-turn movements. Despite their accuracy, all of these approaches
model the ego vehicle in isolation, treating the gap acceptance decision as a function of gap size
alone rather than as an outcome of multi-agent scene configuration.

Graph-based methods offer a principled framework for encoding that multi-agent struc-
ture. Velickovi¢ et al. (6) introduced Graph Attention Networks (GATs), which learn dynamic,
neighbor-specific attention weights through masked self-attention, directly overcoming the uniform
aggregation limitation of Graph Convolutional Networks. Diehl et al. (7) applied GNNs to highway
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traffic prediction and demonstrated a 30% reduction in prediction error in high-interaction scenar-
ios relative to non-graph baselines, motivating the use of graph structure for interaction-dense
intersection scenes. Alghodhaifi and Lakshmanan (8) combined LSTM with GAT for trajectory
prediction across vehicle-pedestrian interactions at unsignalized intersections — the closest archi-
tectural precedent to this work. Where their contribution targets trajectory forecasting, ours targets
decision classification with explicit attention-based behavioral interpretation.

Recent traffic safety studies have also emphasized the importance of modeling heterogeneous
risk mechanisms rather than treating safety outcomes as uniform across users or roadway contexts.
Anowar et al. (9) used a comparative machine learning framework with interpretability analysis
to examine injury severity in vehicle—-non-motorist crashes, while Tahmid et al. (/0) modeled
heterogeneous motorcycle risk perception and crash exposure using structural equation modeling.
Uddin et al. (/1) further showed that segment-level crash risk and frequency can be jointly modeled
through a copula-based framework while accounting for temporal instability. Although these
studies address different crash-risk settings, they reinforce the broader need for behaviorally aware
and interpretable models that can capture variation across road users, interaction contexts, and
safety outcomes.

The INTERACTION dataset, introduced by Zhan et al. (/2), provides drone-recorded
naturalistic trajectories at unsignalized intersections with centimeter-resolution HD semantic maps
and serves as the primary data source for this study. Schumann et al. (/3) established a structured
benchmark for gap acceptance prediction, identifying the asymmetric cost of false negatives in
safety-critical decisions and motivating the weighted loss formulation adopted here. Broader
infrastructure sensing work — including sensor fusion and ML-based road monitoring frameworks
by the author (/4, 15) — establishes the detection substrate on which behavioral prediction systems
like ours operate, reinforcing the case for integrated, data-driven approaches to intersection safety.

METHODOLOGY

Problem Definition

We frame gap acceptance as a binary node classification problem over a scene graph. Ateach labeled
decision event, the ego vehicle—the minor-road agent approaching a stop line—is embedded within
agraph G = (V, &) where V is the set of all agents sharing the same scene at the decision timestamp
and & connects agents within a spatial proximity threshold. The model maps this graph to a binary
label y € {0, 1}, where y = 1 denotes gap acceptance (ego crosses the stop line) and y = 0 denotes
rejection (ego remains stopped). The central hypothesis is that the decision is not purely a function
of ego kinematics but is conditioned on the full multi-agent configuration, and that attention weights
over & can surface which agents drive that conditioning.

Dataset and Preprocessing
We use the INTERACTION Dataset v1.2 (/2), a collection of drone-recorded naturalistic vehicle
trajectories at unsignalized intersections sampled at 10 Hz with HD semantic maps encoding stop
line geometry. Four scenarios are used: two T-junctions (EPO, EP1) in East Palo Alto, CA,
one all-way stop (MA), and one large intersection (GL), collectively spanning 24,627 labeled
gap acceptance events across 5,165,005 frames. Table 1 summarizes the event counts and class
distributions per scenario.

The overall pipeline is illustrated in Figure 1. Stop lines are extracted directly from the
OSM-format semantic maps, and each agent frame is assigned to its nearest stop line. A 5 m
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TABLE 1 Clean event statistics across four INTERACTION scenarios.

Scenario Type Events Reject% Accept% pos_weight
EPO T-junction 1,617 75.1 24.9 3.011
EP1 T-junction 1,823 80.9 19.1 4.278
MA All-way stop 8,233 70.3 29.7 2.362
GL Large intersection 12,954 90.1 9.9 9.085
Total 24,627

decision zone approaching the stop line is defined following Li et al. (5), within which an agent
must exhibit near-stopped behavior (speed < 1.5 m/s) for at least 3 consecutive frames to qualify as
a gap acceptance candidate. An approach direction filter using rolling median trend over K = 10
frames removes agents not genuinely approaching the stop line. Events are labeled accept if the ego
crosses the stop line and reject if it remains stopped. The labeling procedure is applied identically
across all four scenarios.

01 03 04 05
Raw Data ‘Graph Construction ST-GAT Training Attention Analysis

INTERACTION Dataset vl.2 = Stop line exfraction (OSM) + One graph per labeled event * Temporal MLP encoder * Layer-2 attention weights
* 4 infersection scenarios » 5m decisionzone (Lietal) + Agents — nodesinscens (40—64) * Spearmanfatt distance)
+ EP0,EP1 —Tjmction(CA) |—3.| - Speedtireshold: L5 m/s — »  40-dimnode feature vector — * GATConvLayer1: 4 heads —_— = Fl: Hoximiq= drives
+ MA— Afl-way stop (USA) « Min3 framesin zone = K=5 fimesteps x § features * GATConvLayer2: 1 head at)nen?mn‘
+ GL — Large intersection + K=10 approach direction + Ego-relative coordinates + Egonode classification only . ‘r; az::;'t}“}"""m}' (reect

(USA) filter . Agent type encoding + Weighted BCE loss N )

c L = F3: Speed comtext
= 3.16M mrajectory frames = Clean v2 labeling logic (car/VRU) = pos_weight per scemario differentiation
= 10 Hz, drone-recorded = Accept: crossesstop line + 10m spatial edge threshold « Adam lr=le-3, wd=le-4 - F4: Conflicting stream
» HD OSM semantic maps » Reject remains stopped = 3-dim edge features » Early stopping (patience=20) capture
»  Stop line geom etry encoded = 24,627 labeled events total = Grouped 70/15/15 split * Threshold tuned on val set = F3: Temporal coverage near-

zero

FIGURE 1 Overall methodology pipeline: from raw trajectory data through stop line extrac-
tion, event labeling, graph construction, ST-GAT training, and attention analysis.

Figure 2 illustrates stop line extraction and decision zone delineation for two representative
scenarios, showing agent trajectories overlaid with extracted stop lines and labeled event positions.
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EPO: Intersection Overview with Stop Lines . . . .
P EP1: Intersection Overview with Stop Lines
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FIGURE 2 Stop line extraction and labeled gap acceptance events for EP0 (left) and EP1
(right). Agent trajectories are shown in gray; extracted stop lines are overlaid with labeled
accept (green) and reject (red) decision points.

Graph Construction

For each labeled event, a PyTorch Geometric Data object is constructed at the decision timestamp.
Each agent in the scene constitutes a node in V. Node features are 40-dimensional, formed by
flattening K = 5 historical timesteps of 8 per-timestep attributes: ego-relative x and y position,
velocity components v, and v, heading i, speed, distance to stop line, and agent type encoding
(car = 0, pedestrian/bicycle = 1). Edges are spatial and bidirectional, connecting all agent pairs
within a 10 m Euclidean threshold at the decision timestamp. Edge features are 3-dimensional:
relative distance, Av,, and Av,. Node features are z-score normalized using training set statistics
only. Graphs are split by case_id to prevent scene-level leakage, with a 70/15/15 train/val/test
rat1o.

Model Architecture
ST-GAT processes each scene graph in two stages. First, a temporal MLP encodes the 40-
dimensional node feature sequence into a 64-dimensional representation:

h; = MLP(x;) = Dropout(ReLU(W;x; + b;))W, + b, (D)

where x; € R* is the flattened spatiotemporal feature vector for node i. Second, two
GATConv layers with edge features refine these representations through spatial attention. For each
directed edge (j — i), the attention coeflicient is computed as:

exp(LeakyReLU(a" [Wh; || Wh; || W.e;;]))
Qi =
7 Yren) exp(LeakyReLU(a™ [Wh; | Why || W,e;]))

2)

where e;; € R3 is the edge feature vector and a, W, W, are learned parameters. The first
GATConv layer uses 4 attention heads with concatenation (output € R?>%); the second uses a single
head (output € R%*) and returns attention weights for interpretability. Classification is performed
exclusively on the ego node:
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5= (Wh +b,) 3)

where o is the sigmoid function and hééz, is the ego node’s second-layer representation.

Training Configuration and Baselines
The model is trained with binary cross-entropy loss weighted by the per-scenario reject/accept ratio
to address class imbalance:

N
L= 25 Iweilogi (1 =) log(1 = 5) @
where w is the pos_weight listed in Table 1. The Adam optimizer is used with learning rate
1072 and weight decay 10~*. Training terminates when validation weighted F1 fails to improve for
20 consecutive epochs, with a maximum of 200 epochs and batch size 16. Classification threshold
is tuned via grid search on the validation set.

Two baselines are evaluated against ST-GAT across all scenarios. A logistic regression (LR)
baseline uses tabular features derived from the labeled event record. For GL, a leakage-corrected
feature set (LRg,;) replaces labeling-adjacent features with decision-time graph-derived features,
justified by GL’s extreme 90/10 class imbalance which caused standard features to act as near-
perfect label proxies. A GCN baseline uses identical graph structure and node features as ST-GAT
but replaces attention-weighted aggregation with uniform neighborhood aggregation, isolating the
contribution of the attention mechanism. For EP0O, an LSTM baseline trained on the full ego-vehicle

approach trajectory establishes the performance ceiling of ego-trajectory-only modeling.

RESULTS

Predictive Performance

Table 2 presents the full model comparison on EPO. LSTM achieves AUC 0.976 using the
complete ego-vehicle approach trajectory, establishing the ego-trajectory performance ceiling. ST-
GAT outperforms GCN (0.793 vs. 0.721) despite identical graph structure and features, isolating
the attention mechanism as the source of improvement.

TABLE 2 Model comparison on EP0 (T-junction). LSTM is an ego-trajectory ceiling baseline,
not replicated across scenarios.

Model AUC WtdF1 Fl,c Flp

LR 0.800 0.774  0.563 0.839

GCN 0.721  0.737 0.477 0.817

LSTM 0976 0911 0.824 0.938

ST-GAT 0.793 0.754 0.545 0.831

Table 3 reports cross-scenario AUC. ST-GAT leads or matches GCN in every scenario. The
largest margin appears at EP1 (0.867 vs. 0.830) where scene interaction is densest. On MA, LR and
GCN close the gap — consistent with MA’s more balanced 70/30 class distribution making tabular
features more discriminative. GL uses LRy, due to feature leakage at 90/10 imbalance; ST-GAT
(0.911) outperforms GCN (0.890) and remains competitive with LR (0.915).
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TABLE 3 Cross-scenario AUC. ¥ GL LR uses leakage-corrected features (LRg,i.); see Sec-
tion 4.

Scenario Type LR GCN ST-GAT
EPO T-junction 0.800 0.721  0.793
EP1 T-junction 0.726 0.830  0.867
MA All-way stop 0.805 0.813 0.844
GLT Large intersection 0.915 0.890  0.911

Figure 3 shows ST-GAT AUC, weighted F1, and class-wise F1 across scenarios. Accept F1
remains the hardest metric — a direct consequence of class imbalance — and improves most on MA
(0.638), the most balanced scenario. Figure 4 presents test confusion matrices; the model reliably
identifies rejections across all settings while accept recall remains constrained by minority-class
data scarcity.

Unified STGATv2 Performance Comparison (Test @ Val-Tuned Threshold)

10 STGATV2 Test: AUC and Weighted F1 STGATV2 Test: Class-wise F1
. AUC 0011 W F1_accept 0.941
W Weighted F1 0.887 e F1_reject 0.876
) 0.822 0844 J0 831 0.832
0.754 0772
0.638
0.589
9_') &J 0.545
8 8 0.457
D04 P 0.4-
I [} 1
MA GL
Scenarlo Scenario

FIGURE 3 ST-GAT AUC, weighted F1, and class-wise F1 across all four scenarios.
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STGATV2 Test Confusion Matrices Across Scenarios
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FIGURE 4 ST-GAT test confusion matrices across EP0, EP1, MA, and GL.

Attention Analysis
Figure 5 summarizes attention behavior across all scenarios. Five findings emerge consistently.

Unified Attention Behavior Comparison (STGATv2)

0.0- Distance-Attention Correlation Non-Car Source Share in Attention 10- Top-1 Attention Mean

= label ’ label

._%’ - accept = m— accept
 reject - — reject

2-0.1- . k=4 0.8

£ 2

8 : § 06-

_g -0.2- ] ‘q&;

< 5 04-

E _ i 5 c

E-03 g

8 label 0.05- 202-

2 = N =

-0.4- | i | i 0.00- | I I [ 0.0- i I I [
EPO EP1 MA GL EPO EP1 MA GL EPO EP1 MA GL
Scenario Scenario Scenario

FIGURE 5 Cross-scenario attention analysis: Spearman correlation between attention weight

and source distance, non-car share of top-1 attended agent by label, and top-1 attention by
scenario.

Proximity drives attention: Spearman correlation between attention weight and distance
is negative across all scenarios and labels (range: —0.10 to —0.38). Closer agents receive more
attention in every setting.

VRU asymmetry: The top-1 attended agent is a non-motorized road user at 1.5-2.5%

higher rate during rejections than acceptances. The effect is strongest at EPO (27.0% vs. 10.8%)
and consistent in direction across all four scenarios.
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Speed context differentiates labels: Top-1 attended agents move faster during accepted
gaps than rejected gaps across all scenarios (EPO: 2.48 vs. 1.79 m/s; MA: 2.96 vs. 1.96 m/s; GL:
3.64 vs. 1.96 m/s).

Conflicting stream capture is threshold-limited: Conflicting stream agents are rarely
within 10 m at the decision moment in T-junction scenarios. The all-way stop (MA) produces more
conflicting edges but no strong directional attention signal, suggesting proximity dominates over
stream identity at this threshold.

Temporal coverage does not drive attention: Spearman correlation between attention
weight and timestep coverage is near zero across all scenarios (|p| < 0.09), ruling out a degenerate
pattern driven by observation density.

These findings replicate across two intersection geometries and three class balance condi-
tions, confirming that ST-GAT surfaces interpretable behavioral structure inaccessible to single-
agent and non-attentive graph models.

CONCLUSION

This paper reframed gap acceptance at unsignalized intersections as a multi-agent interaction
problem and applied a Spatiotemporal Graph Attention Network to model it across four real-world
intersection scenarios totaling 24,627 labeled events. ST-GAT consistently outperforms GCN
across all scenarios, isolating attention-weighted aggregation as a meaningful contribution over
uniform graph convolution. The LSTM ceiling on EPO (AUC 0.976) establishes that ego-trajectory
information is highly predictive when available; the gap between LSTM and ST-GAT reflects the
trade-off between predictive dominance and multi-agent interpretability — a trade-off this work
deliberately accepts in favor of behavioral transparency.

The attention analysis is the central contribution. Five findings replicate consistently
across intersection geometries and class balance conditions: proximity drives attention allocation,
non-motorized road users are disproportionately attended during rejections, accepted gaps are
associated with faster-moving attended agents, conflicting stream capture is limited by the 10 m
spatial threshold, and temporal coverage plays no role in attention assignment. These patterns are
behaviorally plausible, cross-scenario consistent, and inaccessible to single-agent or non-attentive
graph models.

Limitations: The INTERACTION dataset’s fixed 3.9-second clip structure caps observable
gap sizes well below the 5.25-6.19 s critical gaps reported in naturalistic studies, constraining the
decision sequences the model can observe. Graph construction uses a single decision timestamp
rather than evolving graph structure, and the 10 m edge threshold rarely captures conflicting stream
agents in T-junction geometries.

Future work: Extending to continuous trajectory datasets such as CitySim would relax
the clip constraint and enable full approach sequence modeling. Dynamic graph evolution across
the approach trajectory, finer-grained edge thresholds calibrated per intersection geometry, and
cross-cultural behavioral comparison across INTERACTION’s international scenarios are natural
extensions. The cross-scenario consistency of the attention findings also motivates direct ap-
plication to real-time intersection monitoring systems where interpretable agent prioritization is
operationally valuable.
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