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Abstract—Heavy commercial vehicles (HCVs) present dispro-
portionate safety risks due to their large mass, extended braking
distances, limited maneuverability, and long operating hours. Ex-
isting safety mechanisms, including Advanced Driver Assistance
Systems (ADAS) and fleet telematics, remain largely reactive or
retrospective, limiting their ability to prevent hazardous events
before escalation.

This paper proposes a cooperative intelligence architecture
that integrates onboard edge computing, Vehicle-to-Everything
(V2X) communication, and cloud-based predictive analytics to
enable proactive, fleet-wide risk mitigation. The architecture
combines local sensor fusion and real-time risk scoring at the
vehicle edge, cooperative hazard exchange through V2V/V2I/V2N
channels, and cloud-based predictive analytics for fleet-level
forecasting and policy refinement. Using simulated fleet sce-
narios, the proposed approach is compared against local-only
ADAS and cloud-only telematics baselines. The evaluation focuses
on comparative architectural response characteristics, including
hazard detection time, mitigation latency, and near-collision
events. Results show that the cooperative architecture achieves
earlier hazard detection, reduced reaction latency, and fewer
near-collision events than the baseline approaches. These findings
indicate that heavy vehicles can evolve from isolated reactive
entities into predictive, network-aware safety agents, while also
motivating future real-world validation.

Index Terms—V2X, connected vehicles, edge computing, pre-
dictive safety, heavy commercial vehicles, cooperative intelligence,
cloud analytics

I. INTRODUCTION

Heavy commercial vehicles (HCVs) are essential for freight

movement and public transportation, yet their physical char-

acteristics and operating conditions make them disproportion-

ately represented in severe crashes [1]. Their large mass,

extended braking distances, limited maneuverability, wide

blind spots, and long driving shifts amplify the consequences

of driver error, adverse weather, road geometry, and traffic

disturbances.

Advanced Driver Assistance Systems (ADAS), including

forward collision warning, automatic emergency braking, lane

departure warning, and stability control, have improved vehicle

safety. However, these functions rely predominantly on local

sensor data and are typically designed to respond only after a

hazard enters the vehicle’s immediate perception horizon. In

parallel, fleet telematics platforms collect rich information on

driver behavior, vehicle health, and route conditions, but they

are used primarily for reporting, compliance, and retrospective

analysis rather than time-critical safety intervention.
Many critical HCV hazards evolve over broader spatial and

temporal scales than a single vehicle can directly observe.

Examples include shockwave braking that propagates through

traffic, localized low-friction road segments, and recurrent

high-risk curves whose severity depends on vehicle load,

speed, and environmental conditions. These hazards are in-

herently network-level phenomena and therefore benefit from

cooperation among vehicles, roadside infrastructure, and cloud

intelligence.
Vehicle-to-Everything (V2X) communication and vehicular

edge computing provide the technical foundations for such

cooperation [2], [3], [5]–[7]. When vehicles can exchange

safety-relevant information and consume fleet-level risk fore-

casts, HCV safety can evolve from isolated reactive assistance

toward cooperative and predictive risk mitigation.
Heavy commercial vehicle safety therefore requires more

than either isolated onboard perception or delayed retrospec-

tive analytics. Unlike local-only ADAS systems, which are

constrained by sensing range and line-of-sight limitations, and

unlike cloud-only telematics systems, which are limited by

communication and processing latency for immediate inter-

vention, the framework proposed in this paper integrates low-

latency onboard inference, cooperative V2X hazard exchange,

and fleet-level cloud forecasting into a unified safety archi-

tecture. The primary contribution of this work lies in this

cooperative architectural integration and in its comparative

evaluation across alternative deployment strategies for predic-

tive risk mitigation in HCV operations.
This paper makes the following contributions:

• Integrated cooperative architecture for HCV safety:
We propose a three-layer edge–V2X–cloud architecture

that combines onboard risk inference, cooperative haz-

ard awareness, and fleet-level predictive intelligence for

proactive safety support.

• Multi-context risk modeling concept: We define a

risk-scoring approach that integrates vehicle state, envi-

ronmental conditions, and cooperative context received

through connected vehicle communication.

• Comparative architectural evaluation: We evaluate the

proposed approach in simulated fleet scenarios against
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local-only ADAS and cloud-only telematics baselines

using hazard detection time, mitigation latency, and near-

collision events as key metrics.

• Deployment-oriented perspective: We discuss industrial

applicability, implementation considerations, and the rel-

evance of cooperative intelligence for future software-

defined vehicle ecosystems.

II. BACKGROUND AND RELATED WORK

A. Heavy Vehicle Safety and Reactive Systems

HCV crashes tend to be more severe than passenger-vehicle

crashes and are strongly influenced by road alignment, visibil-

ity, and driver violations [1]. While ADAS functions mitigate

some of these risks, they share three core limitations:

• Local visibility: They cannot see beyond line-of-sight or

sensor range.

• No network context: They are unaware of upstream

traffic dynamics or remote incidents.

• Short prediction horizon: Decisions are based on imme-

diate kinematics rather than multi-minute risk evolution.

Consequently, ADAS is necessary but not sufficient for proac-

tive HCV safety.

B. V2X and Cooperative Perception

V2X communication covers vehicle-to-vehicle (V2V),

vehicle-to-infrastructure (V2I), vehicle-to-network (V2N),

and vehicle-to-pedestrian (V2P) exchanges. Standards have

evolved from IEEE 802.11p to cellular V2X (C-V2X) and are

progressing toward 5G/6G-enabled Internet of Vehicles archi-

tectures [2], [3], [10]. V2X supports messages such as basic

safety messages, emergency brake lights, hazard warnings, and

signal phase and timing.

Cooperative perception extends this by sharing sensor-level

or feature-level data among vehicles and infrastructure to

overcome occlusions and limited line-of-sight [4]. Most work,

however, targets passenger vehicles and focuses on message

dissemination rather than integrated edge–cloud prediction for

heavy fleets.

C. Vehicular Edge Computing and ML for Safety

Vehicular edge computing (VEC) and fog computing shift

computation closer to vehicles, reducing latency and offloading

the cloud [5]–[7]. Architectures typically assign fast, local

tasks to onboard units or roadside nodes, and slower global

analytics to the cloud. In parallel, machine learning models,

including LSTM and CNN variants, have been applied to

real-time crash risk prediction using traffic and environmental

data [8], [9].

These strands show that:

• Edge compute is suitable for low-latency risk inference.

• Cloud platforms can learn longer-horizon risk patterns.

However, there is limited work on a single architecture that

marries HCV-oriented edge intelligence, V2X cooperation, and

cloud-based predictive safety.

Fig. 1. Cooperative Edge–Cloud V2X Architecture. Vehicles perform local
risk scoring, exchange hazards via V2X, and receive predictive insights and
policy updates from the cloud.

III. COOPERATIVE EDGE–CLOUD V2X ARCHITECTURE

The proposed cooperative intelligence architecture com-

prises three layers:

1) Edge layer – onboard HCV intelligence,

2) V2X communication layer – cooperative exchange of

safety information,

3) Cloud intelligence layer – fleet-level analytics and pre-

diction.

A. Edge Layer: Onboard HCV Intelligence

Each HCV hosts an edge unit connected to:

• Environment sensors (cameras, radar, optionally lidar),

• GNSS and inertial sensors,

• CAN bus (speed, engine torque, RPM, brake pressure,

steering, stability systems),

• Optional driver monitoring sensors.

The edge unit performs:

• Sensor fusion: Align heterogeneous streams into a local

state.

• Feature extraction: Derive compact features such as

headway, lateral acceleration, jerk, lane-keeping mea-

sures, braking patterns, and duty-cycle indicators.

• Local risk scoring: Evaluate a light-weight model at 5–

10 Hz to obtain a local risk score Redge ∈ [0, 1].
• Immediate mitigation: If Redge exceeds threshold τedge,

issue alerts or adjust assistance systems within predefined

safety envelopes.

Time-critical loops remain local, ensuring deterministic re-

sponse even with intermittent connectivity.

B. V2X Communication Layer: Cooperative Context

The V2X layer extends awareness beyond the ego vehicle’s

sensor horizon. Representative message classes include:

• Events: Emergency braking, stability control activation,

loss of traction, infrastructure-detected hazards, lane clo-

sures.

• Context: Local traffic density and speed, weather and

friction indicators, temporary speed limits.

Logical channels:

• V2V: Low-latency hazard messages between vehicles.

• V2I: Vehicle–RSU interactions for intersection, corridor,

or work-zone information.
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• V2N: Telemetry and risk advisories via cellular links.

To maintain scalability, the system prioritizes safety-critical

messages and filters data by spatial and temporal relevance.

Standard security mechanisms (certificates, signatures, encryp-

tion) protect integrity and privacy.

C. Cloud Intelligence Layer: Fleet-Level Prediction

The cloud layer aggregates:

• Edge-generated features and events,

• V2X logs from vehicles and RSUs,

• External data (weather, traffic, maps, grade, historical

incidents).

Key functions:

• Model training: Train ML models for crash and rollover

risk, driver behavior profiles, and route risk mapping [2],

[5], [8].

• Risk forecasting: Produce medium-horizon risk forecasts

(e.g., 1–10 minutes / 1–10 km ahead) per vehicle and

route segment, combining vehicle behavior, cooperative

signals, and environment.

• Policy generation: Transform forecasts into concrete

recommendations (speed envelopes, route changes, driver

coaching).

• Model distribution: Deliver updated models or parame-

ters to edge nodes via over-the-air updates.

The cloud operates on slower time scales than the edge but

with broader context, making it suitable for predicting risk

build-up rather than immediate threats.

IV. RISK PREDICTION MODEL

The architecture relies on a common risk scoring concept

that can be instantiated differently at edge and cloud.

A. Feature Groups

We group features into:

• Vehicle state xv: Speed, acceleration, jerk, brake pres-

sure, lateral acceleration, steering variability, load prox-

ies, stability system status, duty-cycle metrics.

• Environment xe: Road type, curvature, grade, lane

count, historical incident density, weather and visibility,

road surface condition indicators.

• Cooperative context xc: Recent emergency braking and

stability events nearby, speed variance and headways in

vicinity, infrastructure-reported anomalies, corridor-level

congestion.

Edge models use a compressed subset of these features over

short time windows; cloud models can exploit richer historical

context.

B. Model Families and Deployment

We adopt a heterogeneous stack:

• Edge: Gradient boosting or compact neural networks that

can run on embedded hardware with low latency and

limited memory.

• Cloud: Sequence models such as LSTM or temporal

convolutional networks for time-series risk prediction [8],

[9], potentially enriched with graph-based representations

of vehicles and road segments.

The generic risk function is:

R = f(xv, xe, xc) ∈ [0, 1] (1)

Edge and cloud implementations share this structure but

differ in complexity and input horizon.

C. Model Training and Scope of Evaluation

For the purposes of this study, both edge and cloud mod-

els are trained using labeled hazard and non-hazard events

generated within the simulation environment. The goal is

not to propose a novel predictive learning algorithm, but to

evaluate how different deployment architectures influence the

timeliness, responsiveness, and usefulness of safety mitigation.

Accordingly, the models are treated as representative im-

plementations with realistic computational footprints and op-

erational constraints. This supports controlled comparison

of hazard detection timing, reaction latency, and mitigation

effectiveness across local-only, cloud-only, and cooperative

configurations.

D. Thresholds and Actions

Two thresholds guide actions:

• τedge for immediate, local mitigation,

• τcloud for medium-horizon interventions (e.g., routing or

policy changes).

Actions range from escalated driver alerts and adaptive

cruise adjustments to speed recommendations on high-risk

segments. Fleets can tune thresholds by use case (e.g., haz-

ardous materials vs. empty trailer).

V. EXPERIMENTAL SETUP

We evaluate the proposed cooperative intelligence architec-

ture using a simulation environment designed to approximate

realistic logistics operations involving heavy commercial ve-

hicles (HCVs) and mixed passenger traffic. The simulation is

intended to compare architectural behavior under representa-

tive heavy-vehicle hazard conditions rather than to reproduce

a specific deployed fleet or roadway system.

A. Fleet, Network, and Scenarios

• Fleet: The simulated fleet consists of 50 HCVs equipped

with onboard sensing, edge computation, and V2X capa-

bility. Vehicle dynamics include simplified longitudinal

and lateral behavior, with load-dependent braking perfor-

mance and rollover sensitivity [1], [7].

• Road network: The environment uses a hybrid urban–

highway topology containing straight corridors, intersec-

tions, curves, ramps, and variable grades.

• Traffic mix: HCVs operate alongside passenger vehicles

under heterogeneous driving patterns and varying traffic

densities.

• Scenarios:
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– Propagating braking waves in dense traffic,

– Localized low-friction areas during adverse weather,

– Night-time operation with elevated fatigue probabil-

ity,

– Downhill segments combining grade, speed, and

cargo load.

B. Configurations

We compare three system configurations:

1) Local-only (ADAS): Vehicles rely exclusively on on-

board perception and rule-based assistance without V2X

or cloud input.

2) Cloud-only (Telematics analytics): Telemetry is trans-

mitted to the cloud, where risk is computed centrally

and advisories are returned to vehicles, without local

edge inference or V2V/V2I exchange.

3) Cooperative (Proposed): Edge inference, V2X hazard

dissemination, and cloud-generated risk forecasts oper-

ate together. Mitigation may be triggered either locally

or through predictive cloud insight.

All three configurations are evaluated under the same traffic,

hazard, sensing, and communication assumptions in order to

isolate the effect of architectural distribution of intelligence.

C. Metrics

System performance is evaluated using the following met-

rics:

• Hazard detection time: The interval between ground-

truth hazard emergence and system recognition.

• Reaction latency: The time from hazard detection to ini-

tiation of mitigation, such as driver warning or assistance

adjustment.

• Near-collision count: Events in which time-to-collision

falls below a critical threshold without resulting in phys-

ical impact.

These metrics were selected to capture both the speed of

hazard awareness and its operational safety effect.

D. Simulation and Network Assumptions

The evaluation is performed using a discrete time-stepped

traffic simulation with heterogeneous HCVs and passenger

cars. Wireless communication is modeled through latency

distributions representing a combination of direct V2V ex-

change and cellular connectivity. Unless otherwise noted, V2X

penetration among HCVs is assumed to be 100%.

For V2V communication, one-hop broadcast latency is

uniformly distributed between 20–60 ms with a packet de-

livery ratio of 95% and an effective communication range of

approximately 300 m. V2N communication toward the cloud

incorporates uplink transmission, core-network traversal, and

processing delays, resulting in end-to-end latencies ranging

from 400–900 ms.

Hazard ground truth is activated when the time-to-collision

(TTC) falls below 2.5 s or when stability-related limits, such

as excessive lateral acceleration, are violated. Edge inference

executes at 10 Hz, while cloud-generated risk forecasts are

refreshed every 5 s.

Sensor uncertainty is approximated using bounded Gaussian

perturbations applied to speed, acceleration, and position sig-

nals. Each scenario is executed multiple times using different

random seeds, and the reported metrics correspond to mean

values together with their associated standard deviations.

The chosen parameters are aligned with ranges commonly

reported in vehicular networking and traffic safety litera-

ture. These assumptions are reported explicitly to support

reproducibility and to clarify that the present study evaluates

comparative architectural behavior under controlled but real-

istic operating envelopes rather than claiming field-validated

performance.

VI. RESULTS

Table I summarizes the main results.

The cooperative configuration outperforms both baseline

approaches across the primary safety metrics. Relative to

the local-only baseline, it improves hazard detection time by

approximately 61% and reduces near-collision occurrences by

about 46%. These gains arise primarily from earlier awareness

enabled by V2X hazard dissemination combined with predic-

tive context obtained from the cloud.

In braking-wave scenarios, for example, upstream V2V

notifications allow following vehicles to classify the situation

as hazardous before local sensors alone observe severe deceler-

ation. Because all configurations are evaluated under identical

traffic, hazard, sensing, and communication assumptions, the

observed differences primarily reflect the effect of where

intelligence is placed in the system rather than differences in

scenario difficulty.

Reaction latency remains low for both the local-only and

cooperative configurations because mitigation is executed at

the vehicle edge. By contrast, the cloud-only configuration

exhibits higher latency due to communication and processing

delays, making it less suitable for split-second intervention

despite its value for broader fleet-level analysis.

The reduction in near-collision events in the cooperative

configuration is particularly important from a safety perspec-

tive. Earlier hazard awareness increases the effective stopping

distance and supports smoother deceleration, especially in

dense traffic and on downhill grades where HCV dynamics

are more difficult to control.

The cloud-only configuration is intended to approximate

prevailing fleet telematics practice, in which centralized analyt-

ics provide advisory feedback but do not generally participate

in sub-second control loops. The comparison therefore high-

lights the benefit of distributing intelligence closer to vehicles

rather than implying that centralized analytics lack operational

value.

VII. DISCUSSION AND LIMITATIONS

The experiments assume full V2X penetration among par-

ticipating HCVs in order to estimate an upper-bound cooper-

ative benefit under favorable connectivity conditions. In real
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TABLE I. COMPARATIVE PERFORMANCE (MEAN ± STD 
ACROSS RUNS)

Approach Detection Time (s) Latency (ms) Near-Collisions

Local-Only 1.82± 0.41 95± 18 7.4± 1.9
Cloud-Only 4.63± 0.88 620± 140 4.9± 1.2
Cooperative 0.71± 0.22 110± 25 4.0± 1.0

deployments, partial adoption would reduce the availability of

shared safety information; however, even moderate penetration

levels are expected to preserve qualitative advantages because

hazard information can still propagate earlier across connected

vehicles than through isolated onboard sensing alone.

The results highlight the complementary roles of the three

architectural layers:

• Edge: Provides fast, deterministic response through local

sensing, local inference, and caching of cooperative data.

• V2X: Extends situational awareness by enabling early

warning of upstream hazards and richer context from

neighboring vehicles and infrastructure.

• Cloud: Learns from historical and external data to fore-

cast conditions that are not yet locally visible and to

support fleet-level policy refinement [2], [5], [8].

Together, these layers form a cooperative intelligence loop

in which risk is assessed and mitigated using both local

evidence and shared knowledge. The results should therefore

be interpreted as evidence of architectural feasibility and

comparative benefit under controlled simulation assumptions

rather than as proof of deployment readiness.

There are several limitations to the present study:

• Simulation-based evaluation: The experimental valida-

tion is simulation-based and therefore does not fully

capture the diversity of real-world driver behavior, sens-

ing artifacts, traffic dynamics, or operational disruption

conditions.

• No real-world dataset validation: The study does

not include validation using public or proprietary fleet

telemetry datasets, and therefore predictive behavior un-

der operational data drift remains to be established.

• Abstracted communication modeling: Communication

performance was modeled using realistic but abstract

latency and delivery assumptions; actual V2X deploy-

ments may exhibit different reliability, congestion, and

interference patterns.

• No deployment or hardware-in-the-loop validation:
The evaluation is intended to compare architectural be-

havior rather than to demonstrate production readiness.

Hardware-in-the-loop testing, pilot deployments, and field

validation are required before operational conclusions can

be drawn.

• Fleet and regional adaptation: Models trained on one

fleet, geography, or regulatory context may require recal-

ibration or adaptation before transfer to other operational

environments.

Despite these limitations, the experiments indicate that

integrating edge, V2X, and cloud intelligence is a promising

direction for proactive HCV safety.

A. Deployment and Resource Considerations

The cooperative architecture is designed with practical de-

ployment constraints in mind. Edge inference targets embed-

ded compute platforms capable of executing compact models

within tens of milliseconds, consistent with contemporary

automotive-grade processors.

V2X communication prioritizes small, event-driven safety

messages rather than continuous raw sensor streaming, thereby

limiting bandwidth consumption and improving scalability.

Cloud workloads focus on aggregation, medium-horizon fore-

casting, and policy refinement, where somewhat higher latency

is acceptable.

Although the present study abstracts hardware diversity,

the observed timing relationships remain representative of

realistic operational envelopes. The architecture is therefore

intended to support incremental deployment within existing

fleet and vehicle ecosystems rather than requiring wholesale

replacement of current onboard safety or telematics systems.

VIII. INDUSTRIAL APPLICABILITY

The architecture can be applied incrementally in:

• Logistics and freight fleets: Enhancing safety on long-

haul routes and high-risk corridors.

• Public transportation: Improving safety and incident

response in dense urban traffic.

• Hazardous materials transport: Supporting stricter

safety envelopes and compliance reporting.

Deployment can start as advisory-only, integrated with

existing telematics and ADAS platforms, and evolve toward

tighter integration with vehicle actuation as regulations and

technology mature. Security, privacy, and interoperability must

be addressed using standard V2X security frameworks and

careful data governance.

IX. IMPLICATIONS FOR SOFTWARE-DEFINED VEHICLES

The ongoing transition toward software-defined vehicles

(SDVs) is changing how functionality is delivered and main-

tained throughout the vehicle lifecycle. Capabilities that were

once implemented as fixed hardware features are increasingly

realized as software services that can be updated, tuned, and

validated after vehicles are in operation.

From this perspective, the cooperative architecture explored

in this paper fits naturally into emerging platform strategies,

although its realization will depend on integration maturity

across OEM, supplier, and infrastructure ecosystems. Edge-

resident risk logic can in principle be updated over-the-

air, and cloud systems can continuously refine models using

fleet observations. In practice, however, deployment cadence,

certification requirements, and organizational readiness will

influence how quickly such feedback loops can be established.
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A key implication is that safety improvement becomes

partly a data and lifecycle management problem. Mecha-

nisms for monitoring model behavior, validating updates, and

providing safe rollback paths are as important as prediction

accuracy itself. Moreover, interoperability across vendors and

jurisdictions remains a non-trivial barrier that will require

alignment beyond technical architecture.

Nevertheless, the ability to blend local perception with

shared and learned context offers a pragmatic direction for

incrementally enhancing safety capabilities. Even partial adop-

tion can provide benefits in high-risk corridors or specific oper-

ational profiles, creating a pathway toward broader cooperative

functionality over time.

X. CONCLUSION AND FUTURE WORK

This study examined how combining onboard edge infer-

ence, V2X communication, and cloud analytics can improve

the timeliness of hazard recognition for heavy commercial

vehicles. Across the simulated scenarios, the cooperative con-

figuration consistently identified risk earlier than local-only

ADAS and cloud-only telematics baselines while preserving

rapid local execution of mitigation actions at the vehicle edge.

The results suggest that distributing intelligence across

architectural layers provides practical safety advantages, par-

ticularly when critical signals originate beyond the immediate

sensing range of an individual vehicle. Access to upstream

cooperative knowledge, even when partial or imperfect, can

extend the decision horizon and support earlier, smoother, and

more context-aware responses.

At the same time, the present findings should be interpreted

within the scope of simulation-based evaluation. Moving from

simulation to operational deployment introduces additional

challenges, including communication reliability, fleet hetero-

geneity, model calibration, regulatory approval, and integration

with existing operational processes. The proposed architecture

should therefore be viewed as a reference framework for co-

operative predictive safety rather than as a turnkey deployment

solution.

Future work will extend the study beyond simulation

through pilot implementations, hardware-in-the-loop experi-

ments, and evaluation under reduced V2X penetration levels.

Additional validation using real fleet telemetry, where avail-

able, will be important to assess robustness under operational

data drift and cross-fleet variability. Further research is also

needed to understand how cooperative predictions interact with

driver behavior, fleet maintenance practices, and existing driver

assistance and fleet management workflows.

Overall, the evidence indicates that structured cooperation

among vehicles, infrastructure, and cloud services can form

a meaningful step toward more anticipatory, network-aware

safety operations in heavy transport.
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