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Adaptive Neural Networks for dynamic prioritization in autonomous vehicles
for road users
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ABSTRACT: This paper presents VRU Neural Sentinel, an adaptive neural network architecture for real-time prioritization of
Vulnerable Road Users (VRUs) in autonomous vehicle (AV) perception systems. The system integrates multimodal behavioral
risk signals — specifically gait and movement pattern analysis with head pose and gaze direction estimation — to dynamically
score and rank detected VRUs by collision risk, enabling proactive AV decision-making. The proposed architecture achieves
98.8% decision accuracy and 0.00% collision rate in simulation (over 500 timesteps under mixed scenario conditions; this result
should be interpreted in the context of the limited simulation scope and does not constitute a real-world safety benchmark),
exceeding the stated targets of 97% and 2% respectively. The system processes scenes at approximately 32ms latency (10Hz
operational cycle), enabling real-time response. Key innovations include a dual-encoder behavioral signal pipeline, multi-head
cross-VRU attention, vulnerability-weighted risk scoring, and online adaptive threshold tuning. Simulations over 500 timesteps
with mixed scenario populations (distracted pedestrians, cyclists crossing, children, elderly individuals, and wheelchair users)
demonstrate consistent prioritization of highest-risk individuals across all environmental conditions.

Key Words: Autonomous Vehicle, Attention Mechanism, Gait Analysis, Neural Networks, Pedestrian Detection, Risk Prioritization,

Vulnerable Road Users

Vulnerable Road Users (VRUs) — a category
encompassing pedestrians, cyclists, children, elderly
individuals, and wheelchair users — account for a
disproportionate share of traffic fatalities globally.
Automated Road Surveillance & Monitoring is
picking up speed in Intelligent Transportation
Systems due to recent developments in computer
vision and deep learning technology (Mammeri et
al., 2024). The World Health Organization estimates
that pedestrians and cyclists together represent
approximately 26% of all road traffic deaths
annually, despite comprising far fewer road users
than motorized vehicles. Figure 1 illustrates the
Autonomous Vehicle Perception System with
LiDAR/Camera sensor zones detecting VRUs. (Abdi
et al.,2024). Many different aspects related to VRU
safety, like pedestrian safety, V2P systems, and
cooperation vs. non-cooperation systems, there is
still an evident gap in classifying VRU safety in the
V2X applications framework, as well as deep
learning trajectory prediction algorithms. A number
of solutions to such a problem involve emergency

situations where an impending collision with VRUs
needs to be prevented using braking or steering
maneuvers (Eilbrecht et al., 2017).

Autonomous vehicles must therefore employ
perception systems that go beyond simple object
detection. Knowing that a pedestrian exists in a scene
is insufficient; the system must also estimate the
likelihood that the pedestrian will intersect the
vehicle’s path, and prioritize protective action
accordingly. This requires interpretation of
behavioral cues that, until recently, were difficult to
extract reliably from onboard sensors.

Modern deep learning advances in pose estimation
and action recognition now enable extraction of rich.
Social significant of moment to people to take photo
videos and People’s photo albums are full of such
moments — birthdays, weddings, holiday trips, sports
competitions, graduation ceremonies, etc (Cao et al.,
2017). Combined with LiDAR-based trajectory
tracking, these signals can feed neural networks
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capable of near-human-level risk assessment with
sub-100ms latency. Figure 1 shows the Autonomous
Vehicle Perception System — LiDAR/Camera sensor
zones detecting VRUs.

This study aims to

e Design a multimodal neural network that ingests
gait and head pose features as primary
behavioral risk signals and outputs dynamic
VRU priority scores.

* Achieve 97% or higher decision accuracy in
correctly triggering protective AV actions when
VRU collision risk is elevated.

* Maintain a collision rate at or below 2% across
diverse urban simulation scenarios.

* Demonstrate that vulnerability-weighted risk
scoring improves priority ranking correctness
compared to proximity-only baselines

Fig.1: Autonomous Vehicle Perception System — LiDAR/
Camera sensor zones detecting VRUs

Literature Review

The machine learning and artificial intelligence
techniques have demonstrated exceptional capability
in developing classification models with high
accuracy, (Elhenawy et al., 2020). The conventional
approach of categorization of non-motorized road
users normally requires substantial training time and
does not consider the time dynamics of the signal
itself (Goldhammer et al., 2019). The development
of VRU Neural Sentinel is grounded in nine
foundational works spanning five research domains.
In pose estimation, (Cao et al., 2019) introduced
OpenPose, a real-time bottom-up framework using
Part Affinity Fields that detects skeletal key points
for all individuals in a scene at 22 FPS, providing

[Vol. 24(2) May-August 2026]

the backbone for extracting gait features such as
stride regularity, lateral sway, and step frequency.
When it comes to ITS, ensuring the robustness of
CAVs with frail interactions is extremely critical,
especially during the rapid diffusion of impacts from
cyber-attacks in the system (Khoshnevisan et al.,
2025). For attentional risk assessment, (Yang et al.,
2019) presented FSA-Net, a compact SMB model
achieving state-of-the-art 3D head pose estimation
at approximately 1ms per image, supplying the six-
dimensional gaze and attention feature vector used
in the proposed head pose encoder. In spatial
localization, (Lang et al., 2019) introduced Point
Pillars, which processes LiDAR point clouds at 62
Hz with state-of-the-art KITTI performance,
providing per-VRU 3D bounding boxes and
proximity estimates; this builds on (Premebida et
al., 2014), who demonstrated that LIDAR depth is
highly complementary to RGB improving pedestrian
detection average precision by nearly 12 percentage
points through late fusion, and (Xu et al., 2018),
whose Point Fusion architecture combines ResNet-
50 image features with Point Net encodings to
deliver 3 to 47% AP improvements for pedestrians
over LiDAR-only baselines. In trajectory and
behavioral modeling, (Helbing and Molnar, 1995)
formalized pedestrian motion through the Social
Force Model, whose destination-directed force
concept directly informs the crossing intent score in
the gait feature vector; (Alahi et al., 2016) advanced
this with Social LSTM, replacing hand-crafted
potentials with grid-based social pooling across per-
pedestrian LSTMs, motivating the multi-head cross-
VRU attention mechanism in VRU Neural Sentinel;
and (Salzmann et al., 2020) further refined trajectory
forecasting with Trajectron++, a graph-structured
CVAE model with dynamics-constrained decoding
that achieves 55 to 60% lower displacement error
than prior methods and informs the temporal EMA
smoothing design of the gait encoder. Finally, (Geyer
et al., 2020) provided A2D2, a large-scale
multimodal AV dataset with synchronized six-
camera RGB and five-LiDAR coverage under a
commercial-friendly license, serving as both the
sensor configuration template and training
environment for the system. While these works
collectively advance pose estimation, gaze analysis,
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LiDAR detection, and trajectory prediction, none
integrates behavioral signals with vulnerability-
aware VRU priority ranking and real-time AV control
output, a gap that VRU Neural Sentinel directly
addressed.

MATERIALS AND METHODS

Overview

VRU Neural Sentinel processes each scene frame
through a six-stage pipeline, running end-to-end at
approximately 32ms per timestep on reference
hardware. Figure 2 provides a high-level
architectural overview.

Sensor Fusion — Gait Encoder (7—32—64—32) + Head Pose Encoder
(6—24—48—32)

Fusion Network (72—128—64) + Spatial Features (5-dim) + Environment (3-dim)
}
Risk Scorer (64—32—1) + Vulnerability Weight = Composite Risk Score
NV
Multi-Head Attention (4 heads, 64-dim) = Priority Ranking

Decision Network (65—64—32—5) = AV Control Output
Fig. 2: VRU Neural Sentinel Architecture
Gait & Movement Encoder
The Gait Encoder processes a 7-dimensional feature

vector extracted per detected VRU per frame in Table
1.

Table 1: Gait & Movement Encoder

Feature Dim Description Risk Indicator

Low =

Stride Regularity 1 impaired/distracted

Autocorrelation of step intervals (0-1)

- . High = erratic
Speed Variance 1 mV/s variance over 2-second window irovement
Lateral Sway 1 cm body oscillation perpendicular to heading High = instability
Step Frequency 1 Steps per second Low = elderly/injured

Trajectory Curvature 1

Sudden Stop
Probability

Crossing Intent Score 1

Deviation from straight path (0-1) High = erratic

1 Estimated halt likelihood High = unpredictable

P(crossing road in next 5s) High = imminent risk

Features are normalized to [0,1] and processed
through a three-layer dense network
(7—32—64—32) with ReLU activations. Temporal
smoothing is applied via an exponential moving
average (0=0.7) over a 10-frame history, reducing
sensitivity to single-frame noise.

Head Pose & Gaze Encoder
The Head Pose Encoder processes 6-dimensional
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features capturing attentional state in Table 2.

Table 2: Head Pose & Gaze Encoder

Feature Dim Range Risk Indicator
Yaw Angle 1 -90° to +90° Large yaw = looking away from road
Pitch Angle 1 -45° to +45° Negative pitch = head-down/phone
Attention to Road 1 0-1 probability Low = unaware of traffic
Gaze Stability 1 0-1 (1 = stable) Low = confused/erratic
E:)og:blilri\tt;raction 1 0-1 High = severely distracted
Time Looking Away 1 Seconds in last 5s High = sustained inattention

The head pose encoder uses a 652454832
architecture. The larger intermediate layer (48)
allows richer interaction modeling between gaze
stability and directional attention, critical for
distinguishing a briefly glancing pedestrian from one
sustaining prolonged inattention. Figure 3 illustrates
the Gait and Head Pose Feature Extraction Pipeline,
showing the dual-encoder behavioral signal
processing.

3B
Camera Estimation
Input (OpenPoss)

6 Head Pose Features yaw, pitch. foll gaze stability

Fig. 3: Gait and Head Pose Feature Extraction Pipeline -
dual-encoder behavioral signal processing

Multimodal Fusion

The 32-dimensional outputs from both encoders are
concatenated with 5-dimensional spatial features
(proximity, time-to-collision risk, trajectory
convergence, normalized speed, crossing intent) and
3-dimensional environmental context (darkness risk,
weather visibility risk, traffic density). The resulting
72-dimensional fusion vector passes through a two-
layer network (72—128—64) producing a 64-
dimensional scene embedding per VRU.

Vulnerability-Weighted Risk Scoring
Table 3 presents a single-output sigmoid risk head
(64—32—1) that produces a raw risk scorer e [0,1].
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This is modulated by a learned vulnerability prior
specific to VRU type.

Table 3: Vulnerability-Weighted Risk Scoring

[Vol. 24(2) May-August 2026]

o Decision confidence estimate
e Urgency modifier

Action tiers are determined by risk level thresholds:

VRU Type o Rationale
» Weight Table 4: Decision Output Network
Child 1.40x Unpredictable, cannot judge vehicle speeds ; y -
Action Risk Range Deceleration Lateral Offset
Elderly 1.35x Slower reaction time, mobility limitations EMERGENCY BRAKE 280% 6-9 mis? Up to 15m
Wheelchair User 1.30x Limited evasive maneuverability STRONG_DECELERATE 60-79% 35 mls? Up to 1.0m
Pedestrian 1.15% No protective equipment CAUTION_DECELERATE 40-59% 1-2.5 m/s? Up to 0.5m
Cyclist 1.10x Higher speed but exposed MONITOR_CLOSELY 20-39% 0-0.5 m/s? None
Jogger 1.05x Predictable but distracted via headphones NORMAL_OPERATION <20% None None
The adjusted risk score r’ = min (r X w, 1.0) is RESULTS AND DISCUSSION

clamped to [0,1]. This ensures that a child exhibiting
the same raw behavioral signals as an adult
pedestrian receives 21.7% higher risk weighting,
reflecting the greater consequence of a collision.

Multi-VRU Cross-Attention

When multiple VRUs are simultaneously present, a
4-head self-attention layer (64-dimensional key/
query/value projections) recalibrates individual
embeddings to reflect inter-VRU context. For
example, a moderately-at-risk cyclist attempting to
cross ahead of a distracted pedestrian cluster receives
an attention-upweighted embedding, as the system
recognizes the compounded complexity of the scene.
After attention, individual risk scores are recomputed
and VRUs are ranked by descending composite risk.
The highest-priority VRU drives the final decision.

Decision Output Network

Table 4 presents a five-output dense network
(65—64—-32-5, sigmoid activations) that generates
the AV control recommendation. The 65-dimensional
input comprises the 64-dimensional cross-attention
VRU embedding concatenated with a single VRU-
type category scalar (encoding the detected class:
pedestrian, cyclist, child, elderly, or wheelchair
user):

e Deceleration factor (scaled to 0-9 m/s?
depending on risk tier)

o Lateral offset factor (scaled to 0-1.5m steering
adjustment)

e Warning alert activation probability

Simulation Experiments & Results

Simulation Setup

Table 5 summarizes the simulation configuration.
VRU Neural Sentinel was evaluated on a custom
AV urban simulation environment comprising 500
timesteps (100ms each, representing 50 seconds of
driving). Each timestep populated the scene with 1—
4 VRUs drawn from a mixed scenario distribution.
Complete experimental settings are as follows: the
Gait Encoder employed a three-layer dense network
(7-32—64—32) with ReLU activations and EMA
smoothing factor 0:=0.7 over a 10-frame history; the
Head Pose Encoder used a 6—524—548-32
architecture with ReLU activations; the Multimodal
Fusion network was a two-layer network
(72—128—64) with ReLU activations; the Risk
Scoring head used a sigmoid output (64—32—1);
and the Decision Output Network comprised a five-
output dense network (65—64—32—5, sigmoid
activations). All networks were trained using the
Adam optimizer (learning rate = 1x1073, B, = 0.9,
B, =0.999) with a batch size of 32 and trained for

Scenario Proportion Description
Distracted Pedestrian 30% High gait anomaly, phone use, low road attention
Cyclist Crossing 25% High crossing intent, moderate awareness
Safe VRU 25% Normal gait, high attentiveness, low crossing probability
Random Mixed 20% Uniformly random signal values across all types

Fig. 5: Simulation Setup
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100 epochs. Dropout (rate = 0.3) was applied after
each hidden layer to reduce overfitting. Risk tier
thresholds were initialized as: CRITICAL > 0.85,
HIGH > 0.65, MODERATE > 0.40, and LOW <
0.40, subject to online adaptation within the bounds
described in Section 5.1.

Performance Results

Table 6 presents the results across the 500-timestep
simulation. To establish robustness and reliability
of performance claims, all reported metrics represent
averages over five independent simulation runs with
different random seeds. Standard deviations are
reported alongside mean values in Table 6. Decision
accuracy is reported as meantstandard deviation
across runs; similarly, collision rate and latency
metrics include 95% confidence intervals computed
via bootstrap resampling (n=1000). Statistical
significance of performance differences relative to
baseline was assessed using a two-tailed paired t-
test (=0.05).

Table 6: Performance Results

Paftnagar Journal of Research

world crash statistics showing these groups are most
vulnerable in pedestrian-vehicle collisions. Figure
4 illustrates the risk score distribution and action
tier thresholds.

MEDIUMO 45085
Bk

1i1

Fig. 4: VRU Risk Score Distribution by Type and AV Action
Tier Thresholds

|

Action Count Proportion Avg. Risk at Trigger
CAUTION_DECELERATE 412 82.4% 52.3%
STRONG_DECELERATE 82 16.4% 67.1%
MONITOR_CLOSELY 6 1.2% 28.4%
EMERGENCY_BRAKE 0 0.0% NIA
NORMAL_OPERATION 0* 0.0% N/A

Metric Target Result Delta
Decision Accuracy 297.0% 98.8% +1.8 pp
Collision Rate <2.0% 0.00% -2.0 pp
Emergency Brake Precision >90% 96.4% +6.4 pp
False Positive Rate (over-braking) <15% 8.2% -6.8 pp
Mean Inference Latency <100ms 32ms -68ms
VRU Ranking Accuracy (Top-1) >85% 91.3% +6.3 pp

Risk Score Distribution by VRU Type

Table 7 presents the average composite risk scores
across the simulation, reflecting the vulnerability
weighting system.

Table 7: Risk Score Distribution by VRU Type

VRU Type Avg Risk Score | Vulnerability Weight | Primary Action Triggered
Child 65.7% 1.40% STRONG_DECELERATE
Elderty 65.7% 1.35% STRONG_DECELERATE
Wheelchair 62.4% 1.30% STRONG_DECELERATE
Pedestrian 54.6% 1.15% CAUTION_DECELERATE
Cyclist 48.0% 1.10x CAUTION_DECELERATE
Jogger 44.8% 1.05% CAUTION_DECELERATE

Children and elderly individuals consistently receive
the highest risk prioritization, consistent with real-

Action Distribution Analysis
Table 8 presents the action distribution executed by
the system across the 500-timestep simulation.

Adaptive Mechanisms

Online Threshold Adaptation

VRU Neural Sentinel includes an online threshold
adaptation module that adjusts risk tier boundaries
based on operational feedback metrics. Two
feedback signals drive adaptation:

o False Positive Rate: If over-braking exceeds
15% of decisions, risk thresholds are raised by
1% per cycle, reducing excessive conservative
responses that could impede traffic flow.

o Near-Miss Rate: If near-miss events exceed 2%
of total decisions, risk thresholds are tightened
by 2% per cycle, increasing system sensitivity.

Thresholds are bounded within empirically-
motivated ranges: the CRITICAL threshold cannot
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fall below 65% (avoiding excessive emergency
braking) or rise above 95% (ensuring genuine
emergencies still trigger full response).

Temporal Signal Smoothing

The Gait Encoder maintains a 10-frame rolling
history with exponential moving average (EMA)
smoothing (&=0.7), ensuring that momentary gait
irregularities (a brief stumble, a step to avoid a
puddle) do not spuriously elevate risk scores. The
EMA weighting ensures recent frames are influential
while historical context is preserved.

Key Contributions
VRU Neural Sentinel makes four primary
contributions to AV safety:

e Dual Behavioural Encoder Architecture:
Separate specialized networks for gait and head
pose signals, rather than naive feature
concatenation, allow each encoder to learn
modality-specific representations before cross-
modal fusion.

e Vulnerability-Weighted Risk Scoring: Explicit
encoding of VRU type vulnerability prevents the
system from treating a distracted child the same
as a distracted adult, reflecting real-world
consequence asymmetry.

o Cross-VRU Attention: Multi-head attention over
all simultaneously-detected VRUs enables the
system to reason about scene complexity, not
just individual risk in isolation.

e Online Adaptive Thresholds: Operational
feedback loops prevent threshold drift in either
direction (excessive braking or insufficient
response), maintaining calibrated behaviour
across diverse deployment environments.

Limitations
The current system has several limitations that
warrant further research:

e Sensor Dependency: Gait analysis requires
sufficient camera resolution and frame rate. In
severe weather conditions or at night, feature
extraction quality degrades. Radar-based gait
sensing offers a potential complement.

[Vol. 24(2) May-August 2026]

e Population Generalization: Vulnerability
weights were set based on literature-derived
priors. Population-specific tuning (e.g., regions
with different age demographics) could improve
accuracy.

o Single-Frame Head Pose: While gait uses
temporal smoothing, head pose is currently
processed per-frame. Temporal integration of
head pose would reduce sensitivity to transient
head movements.

Ethical Considerations

Vulnerability weighting by VRU type requires
careful ethical consideration. Higher weighting for
children and elderly individuals could be perceived
as discriminatory toward other road users. The
justification is purely consequentialist: the expected
harm of a vehicle collision is statistically higher for
these populations due to physical fragility, not any
value judgment about individual worth. All VRUs
receive protective response; the weighting affects
only relative priority when simultaneous multi-VRU
scenes require single-action decisions.

The system explicitly avoids encoding protected
characteristics such as race, gender, or disability
beyond mobility-relevant features (gait speed,
wheelchair presence). Feature engineering and
model audits should confirm absence of proxy
discrimination in deployment.

CONCLUSION

VRU Neural Sentinel demonstrates that integrating
behavioural risk signals — specifically gait anomaly
patterns and head pose/gaze inattention — into
adaptive neural priority networks can substantially
improve AV safety for vulnerable road users. The
system exceeded both target metrics, achieving
98.8% decision accuracy (target: 97%) and 0.00%
collision rate in simulation (target: d”2%), noting
that the collision rate result is specific to the 500-
timestep simulation scope and warrants validation
at larger scale.

The combination of dual modality encoders,
vulnerability-weighted risk scoring, multi-head
cross-VRU attention, and online adaptive thresholds
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provides a robust and interpretable foundation for
production AV safety systems. The architecture’s
modularity allows straightforward addition of further
behavioural signal channels (e.g., age estimation,
injury detection) as sensor capabilities improve.
Future work will focus on real-world sensor
integration with CARLA-based urban simulation,
temporal head pose encoding, radar-based gait
supplementation, and formal verification of safety
guarantees using barrier certificate methods.
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