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Abstract

Real-time vehicle warning systems are critical for collision prevention, yet they face strin-
gent sub-10 ms latency requirements under severe energy and computational constraints.
This review systematically surveys low-latency edge computing architectures for such
systems, explicitly comparing CPU-based, GPU-accelerated, FPGA-based, ASIC/NPU-
embedded, fog, and cloud-only processing paradigms. We examine edge intelligence
frameworks for intelligent transportation systems, the computational demands of collision
avoidance algorithms, V2X communication protocols, and hardware accelerators. A key
contribution is a comparative analysis of latency, power consumption, and area trade-
offs, revealing that FPGA accelerators achieve deterministic sub-millisecond processing
at 5–15 W, while emerging NPUs offer 1–5 W alternatives for fixed-function inference.
A critical synthesis of the literature identifies major gaps: the absence of standardized
benchmarks, insufficient field-testing of FPGA prototypes, and underutilized potential of
approximate computing in safety loops. Furthermore, we introduce fog computing as a
vital intermediary layer to bridge edge-cloud gaps. This review consolidates over 58 core
studies and offers practical, actionable insights for designing next-generation vehicular
safety systems.

Keywords: edge computing; low latency; vehicle warning systems; FPGA accelerators; V2X
communication; real-time processing; intelligent transportation systems; fog computing

1. Introduction
Modern vehicles increasingly rely on advanced driver assistance systems (ADASs)

and autonomous driving capabilities that demand real-time perception, decision making,
and warning dissemination [1,2]. At the heart of these systems lies the vehicle warning
system, a collection of algorithms and hardware that detects imminent collisions, road
hazards, or unsafe driving conditions and then alerts the driver or triggers automatic
interventions, such as braking or steering [3,4]. The effectiveness of these warnings depends
directly on end-to-end latency, which is the time from sensor data acquisition to warning
activation. Research indicates that this latency must stay below 10 to 100 milliseconds to
avoid accidents [5,6].

Traditional cloud-centric processing introduces delays that are simply too long for
safety-critical applications due to network transmission time and backhaul congestion [7].
Edge computing, which processes data at or near the source such as vehicles or road-
side units, has emerged as a key technology for enabling low-latency vehicle warning
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systems [8,9]. By moving computation to edge nodes, latency can be reduced to millisec-
onds, and bandwidth usage decreases substantially [10,11].

However, edge nodes face constraints in energy, computing power, and memory [12].
Designing low-latency edge architectures, therefore, requires careful selection of hardware
accelerators including field-programmable gate arrays (FPGAs), graphics processing units
(GPUs), and neural processing units (NPUs), along with communication protocols, such as
vehicle-to-everything (V2X) and 5G, and appropriate software frameworks [13,14]. This
review aims to synthesize the current state of research and identify promising directions
for future work.

1.1. Scope and Contribution

This review focuses on edge computing architectures for real-time vehicle warning
systems and covers the following areas:

• Edge intelligence frameworks for intelligent transportation systems (ITSs);
• Collision avoidance algorithms and their computational requirements;
• V2X communication and edge offloading for low-latency warning dissemination;
• Hardware accelerators including FPGAs, adders, and approximate computing for

edge artificial intelligence (AI);
• Comparative analysis of latency, power, and area trade-offs across CPU, GPU, FPGA,

NPU/ASIC, fog, and cloud;
• Research gaps and future directions.

We have consolidated more than 58 core references from journals, conferences, and
technical reports to provide a structured reference for engineers and researchers working
on real-time vehicle safety systems.

1.2. Review Methodology

To ensure a rigorous and reproducible survey, we conducted a structured literature
search across three major digital databases: IEEE Xplore, Scopus, and Web of Science.
The search period covered publications from January 2018 to June 2026. The primary
search strings included combinations of (“edge computing” OR “fog computing” OR
“hardware acceleration” OR “FPGA” OR “GPU” OR “NPU”) AND (“vehicle warning” OR
“collision avoidance” OR “V2X” OR “ADAS” OR “autonomous driving”) AND (“latency”
OR “real-time” OR “low-latency”).

Inclusion Criteria:

• Peer-reviewed journal articles, conference proceedings, or authoritative technical reports.
• Explicit focus on latency constraints below 100 ms for vehicular applications.
• Quantitative reporting of processing latency, power consumption, or hardware re-

source utilization.
• Applicability to terrestrial vehicular environments (excluding aerial/underwater robotics).
• Publication date between January 2018 and June 2026.

Exclusion Criteria:

• Papers solely focused on pure cloud solutions without edge or fog consideration.
• Non-vehicular robotics or general IoT applications without clear transportation relevance.
• Papers lacking experimental validation or quantitative performance metrics.
• Pre-print servers (arXiv, TechRxiv) without peer review, unless they had subsequent

journal publications.

Shortlisting Process:
Our initial search yielded approximately 150 potentially relevant papers. After ab-

stract screening, 95 papers were retained for full-text review. Following full-text assessment
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against the inclusion and exclusion criteria, 58 core papers were shortlisted for in-depth
analysis and synthesis. This review consolidates findings from these 58 core studies, sup-
plemented by 12 additional foundational works, to provide a balanced critical assessment.

1.3. Research Questions

To provide a focused and rigorous review, this study is guided by the following
four research questions (RQs):

• RQ1: What are the key architectural frameworks, communication protocols, and
hardware accelerators currently proposed for low-latency edge computing in vehicle
warning systems?

• RQ2: What are the computational demands of state-of-the-art collision avoidance
algorithms, and which hardware platforms (CPU, GPU, FPGA, ASIC/NPU, fog) best
meet the sub-10 ms latency requirement?

• RQ3: What are the power, latency, and reconfigurability trade-offs among differ-
ent edge acceleration technologies, and how do these trade-offs impact real-world
vehicular deployment?

• RQ4: What are the critical research gaps and open challenges that must be addressed
to enable widespread adoption of edge-based vehicle warning systems?

These RQs structure the review, ensuring that each section directly contributes to
answering a specific, well-defined inquiry. The synthesis of findings across these RQs is
presented in Sections 6 and 7.

1.4. Motivation and Industrial Relevance

The urgency of low-latency edge architectures is underscored by rapid market growth.
The automotive edge AI accelerator market was valued at 2.1 billion USD in 2024, with
a compound annual growth rate of 22.9% projected through 2034, driven by demand for
real-time ADASs and autonomous driving features [15]. Furthermore, regulatory bodies in
the EU (GSR regulations mandating intelligent speed assistance and lane-keeping systems
by 2024) and the US (NHTSA’s proposed rulemaking for automatic emergency braking)
are accelerating deployment timelines. This review responds to both technological and
regulatory drivers by providing a structured reference for engineers designing safety-
critical, low-latency edge solutions for next-generation vehicle warning systems.

2. Edge Intelligence for Intelligent Transportation Systems
Edge intelligence refers to the deployment of artificial intelligence models and data

processing on edge devices located close to data sources [1]. In the context of ITS, edge
intelligence enables real-time object detection, path planning, and warning generation
without relying on distant cloud servers [2,8,16].

2.1. Architectures and Frameworks

Several edge intelligence architectures have been proposed for ITS. A comprehensive
survey of distributed edge intelligence for transport systems has been presented, covering
hierarchical edge-cloud collaboration, task offloading, and resource management. Latency-
sensitive tasks, such as collision detection, are recommended to run on the vehicle or
roadside edge, while less urgent tasks, like traffic flow analytics, can be offloaded to
the cloud [1].

A concrete example is EdgeDriver [6], a multi-large language model framework that
operates in cloud-edge environments for autonomous driving assistance. EdgeDriver
achieves sub-100 ms inference by partitioning model layers between edge and cloud,
demonstrating that hybrid architectures can work in practice. Beyond EdgeDriver, other
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frameworks such as AutoEdge [17] and EdgeLens [18] have emerged, focusing on auto-
mated model partitioning and real-time video analytics, respectively. These frameworks
explicitly address the dynamic nature of vehicular environments, adapting to varying
network conditions and computational loads.

VegaEdge [16] presents an edge AI confluence framework specifically for highway
safety, enabling real-time vehicle detection, trajectory forecasting, and anomalous driving
behavior identification on edge IoT devices. Similarly, a deep learning-based car accident
detection framework utilizing both edge and cloud computing [19] demonstrates low-
latency accident detection at the edge node with minimal network usage compared to
cloud-only deployment.

A volume on driving green transportation systems through artificial intelligence and
automation has been edited, which includes chapters on edge-based vehicle modules and
heterogeneous networks [2]. Edge AI in vehicle modules using heterogeneous networks
has been specifically examined, emphasizing the importance of hardware acceleration for
real-time ADAS functions [2,3].

2.2. Information Dissemination in Vehicle-to-Everything

Reliable dissemination of warning information is critical for safety. Efficient informa-
tion dissemination in V2X environments can be achieved using edge nodes as relays to
reduce broadcast storms and latency, with simulations showing a 40 percent reduction in
end-to-end delay compared to pure cloud-based approaches [4]. Further improvements in
warning propagation delays in dense urban intersections have been demonstrated through
edge-assisted geocasting and context-aware forwarding strategies [20,21].

2.3. High-Level Architecture

Figure 1 illustrates a high-level architecture of an edge-based vehicle warning system,
showing the path from sensors such as cameras, radar, and LiDAR through edge processing
and V2X communication to warning actuation, whereas Figure 2 shows a typical edge
intelligence framework for ITS expanded to four tiers: vehicle edge, roadside edge, fog,
and cloud [22].

Figure 1. High-level architecture of edge-based vehicle warning system showing three layers: sensor,
edge processing, and actuation. Solid arrows show data flow.
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Figure 2. Four-tier edge-fog-cloud intelligence framework for ITS.

3. Collision Avoidance Algorithms and Their Computational Demands
The algorithmic layer of vehicle warning systems determines what computations

must be accelerated at the edge. Several surveys have catalogued collision avoidance
methods [5,7,9].

3.1. Survey and Analytical Classification of Collision Avoidance Algorithms

Collision avoidance algorithms form the computational core of vehicle warning sys-
tems. Rather than merely cataloging them, we analyze how each algorithmic class con-
tributes to the warning pipeline: sensing → perception → decision → actuation.

From a systematic review of autonomous vehicle collision avoidance algorithms, we
categorized them into sensor-based methods (radar, LiDAR, camera), path planning (A*,
RRT, DWA), decision making (rule-based, reinforcement learning), and deep learning-based
perception (CNNs, RNNs, DRL) [5].

In the perception stage, convolutional neural networks (CNNs) perform object de-
tection, lane marking, and traffic sign recognition [23–27]. The detected objects (vehicles,
pedestrians, obstacles) are then fed into a time-to-collision (TTC) computation module,
which calculates the estimated impact time. If TTC falls below a safety threshold (e.g., 2–3 s),
the warning decision logic triggers either a driver alert (dashboard, audible) or automatic
intervention (braking, steering) [8,9].

Recent advancements have focused on edge-optimized CNN variants that balance
accuracy and inference speed. While earlier models like YOLOv5, SSD, and Faster R-CNN
achieved reasonable performance [5,7], the state of the art has shifted toward more effi-
cient architectures specifically designed for resource-constrained edge devices. YOLOv11-
nano/-small/-medium [28] and the recently released YOLOv26 [29] incorporate archi-
tectural improvements, such as cross-stage partial connections, attention mechanisms,
and quantization-aware training, enabling real-time inference at 30–60 frames per second
(16–33 ms) on embedded AI platforms (e.g., Raspberry Pi with Coral TPU, NVIDIA Jet-
son Nano) [30]. Research on enhancing YOLOv5 for autonomous driving [24] proposes
lightweight models with channel attention strategies for edge deployment, while YOLO-
RECP [25] presents a YOLOv3-powered edge computing technique specifically for rear-end
collision prediction. Multi-modal vision approaches extending YOLOv8 with RGB, LiDAR,
and grayscale fusion strategies have also been demonstrated for edge AI deployment [26],
and lightweight traffic sign detection models based on improved YOLOv8s have been
validated for edge deployment under complex environments [27].

An FPGA implementation using Sobel edge detection and Manhattan distance metrics,
achieving 5.2 ms per frame, demonstrates that lightweight, deterministic algorithms remain
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viable for FPGA-based warning systems [8]. However, for high-accuracy perception in
complex urban scenes, deep learning-based methods are increasingly preferred, provided
they are accelerated by appropriate edge hardware [31,32].

Also, deep learning techniques for accident avoidance, including real-time object
detection and driver behavior monitoring, note that inference latency must fall below 50 ms
to be effective at highway speeds [7]. This reinforces the need for hardware acceleration
and edge-optimized model variants.

3.2. Computational Requirements for Real-Time Operation

Table 1 summarizes typical latencies for different algorithm classes and indicates
whether hardware acceleration is needed. Rule-based methods like safety distance cal-
culations run quickly on CPUs, typically completing in under 5 ms excluding sensor
acquisition and communication time. Earlier CNN object detection methods such as
YOLOv5-large, SSD, and Faster R-CNN require 50 to 200 ms on CPUs and absolutely need
GPU or FPGA acceleration for real-time operation. However, edge-optimized variants
(YOLOv11-nano/small, YOLOv26) achieve 10–30 ms on NPU/FPGA-accelerated edge
platforms, making them highly suitable for sub-50 ms warning systems [23–30]. Path plan-
ning algorithms like A*, RRT, and DWA fall in the middle range of 10 to 50 ms and benefit
moderately from DSP hardware. Deep reinforcement learning (DRL) methods including
DQN, PPO, and SAC take 20 to 100 ms and require GPUs for training, though FPGAs can
handle inference. It is worth noting that DRL is currently used more for advisory warnings
than for primary collision avoidance because formal safety guarantees are not yet available.

Table 1. Summary of collision avoidance algorithms, their computational demands, and latency with
different hardware configurations.

Algorithm Type Example Methods CPU-Only Latency
(Large Models)

Latency with Edge
Optimizations
(Nano/Small +

HW Accel)

Hardware
Acceleration

Needed?
Notes

Rule-based Safety distance,
TTC threshold <5 ms * <5 ms * No Suitable for simple

warnings

CNN object
detection (earlier)

YOLOv5-large,
SSD, Faster

R-CNN
50–200 ms

N/A
(not

edge-optimized)

Yes
(GPU/FPGA

required)

High accuracy,
compute-intensive

CNN object
detection

(edge-optimized)

YOLOv11-nano/-
small/-medium,
YOLOv26 [21,28]

30–60 ms (CPU)
10–30 ms

(edge TPU, Jetson)
[23–27,30]

Yes
(NPU/FPGA/GPU

beneficial)

Best for edge
deployment

Path planning A *, RRT, DWA 10–50 ms ** 5–15 ms
(GPU-accelerated)

Moderate
(GPU/FPGA

helpful)

RRT * iteration:
1.2–3.9 ms; total

planning:
50–450 ms

Deep
reinforcement

learning
DQN, PPO, SAC 20–100 ms

10–50 ms
(GPU/FPGA

inference)

Yes
(GPU for training)

Advisory
warnings only ***

* Excludes sensor acquisition and communication latency. ** GPU acceleration achieves 17–472× speedup,
bringing latency below 10 ms; MEC offloading provides approximately 23.5% improvement. *** DRL is currently
used for advisory warnings only, not primary collision avoidance, due to lack of formal safety guarantees.

Edge-optimized CNNs (YOLOv11-nano, YOLOv26) run at 30–60 fps (16–33 ms) on
embedded platforms, such as Raspberry Pi 4 + Coral TPU or Jetson Nano [23–27,30],
making them highly suitable for sub-50 ms warning systems. These requirements drive the
need for low-latency edge accelerators, which we review in Section 5.
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3.3. From Algorithm Output to Warning Activation

Understanding how collision avoidance algorithms integrate into the warning pipeline
is essential for appreciating why low-latency edge computing matters. Figure 3 illustrates
the typical flow [25,33].

Figure 3. Algorithm-to-warning activation pipeline showing the complete flow from sensor data
acquisition to vehicle actuation, with typical latency contributions per stage.

Edge acceleration is most critical in the CNN detection and TTC computation
stages [25,33]. By applying hardware acceleration specifically to the CNN detection stage,
the overall end-to-end latency can be reduced from 100+ ms (CPU-only) to under 50 ms
(edge-accelerated), making sub-10 ms automatic emergency braking (AEB) achievable with
FPGA or NPU acceleration.

4. Vehicle-to-Everything Communication and Edge Offloading for
Low-Latency Warning Systems

V2X communication enables vehicles to exchange warnings with other vehicles (V2V),
infrastructure (V2I), and networks (V2N) [11]. Edge computing can significantly re-
duce V2X latency by placing processing and caching functions at roadside units or base
stations [10,34,35].

4.1. Multi-Access Edge Computing for Vehicle-to-Everything

Machine learning-based blockchain solutions for secure V2X communication have
been surveyed, emphasizing the role of multi-access edge computing (MEC) in providing
low-latency, robust security. A hierarchical MEC architecture has been proposed where
latency-critical warnings are processed at the nearest edge node, achieving sub-20 ms
latencies in urban scenarios with sub-10 ms possible under ideal conditions [11].

Mobility prediction is another key enabler. Mobility prediction methodologies for 5G-
enabled C-V2X have been reviewed, including edge computing strategies for ultra-reliable
low-latency communication (URLLC). Accurate prediction reduces handover delays and
ensures continuous warning coverage [10].

Intelligent offloading and driving strategies for delay minimization and collision
avoidance in V2X networks [34] address task processing delay and road safety in 6G V2X
networks using MEC technology. Similarly, Edge-V [35] proposes a framework combin-
ing unlicensed spectrum for low-latency, high-throughput V2X task offloading, reducing
latency by up to 65%.
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4.2. Task Offloading in Vehicular Edge Computing

Vehicular task offloading has been surveyed and classified based on latency sensitivity.
Hard real-time tasks like collision warnings must be processed locally or at the nearest edge
node, while delay-tolerant tasks, such as traffic analytics, can be offloaded to the cloud.
Hybrid software-defined networking edge architectures can reduce average latency by
35 percent compared to pure V2V offloading [13].

Adaptive communication mechanisms are also crucial. Congestion control and quality
of service optimization for vehicular ad hoc networks (VANETs) have been reviewed,
highlighting that edge-assisted adaptive beaconing can lower warning dissemination
latency by up to 60 percent in dense traffic scenarios [14,36]. CAV driving safety monitoring
and warning via V2X-based edge computing systems [36] explores edge computing for
monitoring vehicle motion and issuing accident warnings, such as lane departures and
collisions. Figure 4 depicts the V2X communication modes with edge offloading points.

Figure 4. V2X communication modes with edge offloading: V2V, V2I, V2N, and V2P.

The diagram illustrates the four vehicle-to-everything (V2X) communication modes en-
abled by edge computing architectures. V2V (vehicle-to-vehicle) enables direct low-latency
warning exchange between vehicles, allowing immediate sharing of collision risks and
hazardous conditions without infrastructure involvement. V2I (vehicle-to-infrastructure)
connects vehicles to the roadside unit (RSU), which hosts multi-access edge computing
(MEC) resources for local data aggregation, offloaded inference, and fog coordination. V2N
(vehicle-to-network) links the RSU to the cloud/Internet, enabling non-real-time analytics,
fleet training, and map updates while maintaining the edge for time-critical warnings. V2P
(vehicle-to-pedestrian) allows vehicles to communicate with pedestrians carrying mobile
devices, providing vulnerable road user warnings and enhancing overall traffic safety.
Edge offloading points are strategically placed at the RSU/MEC host to minimize latency
by processing safety-critical data locally before cloud transmission.

4.3. Fog Computing Architectures for Vehicular Networks

While edge computing brings processing to the immediate vehicle or RSU, fog com-
puting extends this paradigm by creating a continuum between the edge and the cloud,
utilizing intermediate nodes (such as smart traffic lights, gateways, and even mobile ve-
hicles themselves) as fog nodes [37,38]. In dense urban VANETs, pure edge nodes can
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become overloaded. Fog nodes offload aggregative and non-critical tasks, reserving edge
resources strictly for safety-critical warnings.

A 5G-enabled fog computing model specifically for VANETs has been proposed,
demonstrating that a hierarchical fog layer reduces average latency by up to 40% compared
to conventional cloud offloading by processing data at the network edge before it reaches
the cloud [37]. Similarly, a fuzzy logic-based task scheduling approach within a fog-enabled
VANET has been introduced, achieving efficient load balancing while maintaining latencies
below 20 ms [38]. Furthermore, the concept of “Mobile Vehicles as Fog Nodes” has been
explored, where idle vehicular computational resources are pooled to assist nearby RSUs,
dynamically optimizing latency in smart city scenarios [38].

Recent advances in fog-enabled vehicular networks have further demonstrated the
benefits of this architectural layer. Optimizing traffic safety message dissemination and
resource allocation using adaptive deep reinforcement learning in fog-enabled Internet
of vehicle networks [39] exploits DRL (DQN and PPO) for offloading and resource allo-
cation with lower latency. A multi-tier vehicular edge-fog framework for real-time traffic
management in smart cities [22] demonstrates 86.4% latency reduction and 53.3% network
consumption reduction compared to traditional cloud-based frameworks. Computation
offloading and resource allocation in mixed cloud/vehicular-fog computing systems [40]
consider vehicle-carried fog nodes (V-FNs) for task offloading. A comprehensive review
of task offloading methods in vehicular fog computing [41] provides a comprehensive
overview of low-latency offloading strategies. Additionally, multi-layer task offloading
schemes in fog computing-based VANETs with optimized completion delay [42] propose
efficient multi-layer offloading strategies.

Integrating fog computing into vehicle warning systems provides a critical resilience
layer: if the direct edge RSU is congested, the fog node acts as a secondary low-latency
processing point, ensuring that warning messages still propagate with minimal delay. This
three-tier architecture (vehicle-edge-fog-cloud) is essential for future 6G-enabled ITS.

5. Hardware Accelerators for Edge Artificial Intelligence in Vehicle
Warning Systems

The core of low-latency edge processing lies in hardware accelerators that execute
inference and signal processing tasks efficiently. This section reviews FPGAs, low-power
arithmetic, and approximate computing techniques.

5.1. Field-Programmable Gate Array Accelerators for Real-Time Inference

FPGAs offer a compelling balance of low latency, moderate power consumption,
and reconfigurability. The 2025 IEEE Access survey reviews FPGA-based CNN accelera-
tors for edge computing, focusing on autonomous vehicles and traffic monitoring. Key
findings were that FPGA accelerators can achieve sub-millisecond inference for small
CNNs, like LeNet, with 32 × 32 inputs, and 5 to 10 ms for medium-sized networks, such
as YOLOv3-tiny. Power consumption ranges from 2 to 15 W, significantly lower than
GPUs (50–250 W). Design space exploration tools can optimize for latency versus resource
utilization [23,31,32].

A direct comparison of GPUs and FPGAs for lane detection shows that an FPGA
implementation on Xilinx Zynq achieves 2.1 ms per frame at 3.8 W, while a GPU on NVIDIA
Jetson TX2 achieves 1.8 ms at 10 W. The FPGA offers better energy efficiency at 0.55 J/frame
compared to 1.8 J/frame [43]. Real-time object detection and classification using YOLO for
edge FPGAs [23] further validates this approach, presenting a resource-efficient YOLOv5
system optimized for FPGA deployment.
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5.2. Low-Latency Adder and Approximate Computing

At the fundamental circuit level, addition and multiplication dominate digital signal
processing and AI inferencing. Configurable low-latency approximate adders can reduce
critical path delay by up to 50% with minimal accuracy loss (e.g., <1% relative error) [44].
A 4-bit CMOS full adder designed for low-power IoT and edge applications demonstrated
a 35% power reduction compared to conventional designs at the same throughput [45].

Building on this, approximate computing trades minor accuracy for significant gains
in latency and energy efficiency. Edge detection using approximate adders (e.g., lower-
part OR adder and error-tolerant adder) has been evaluated, finding that for vision-based
vehicle detection, a 10% error in edge maps is acceptable, leading to a 40% reduction in
latency and 30% power savings [46]. While approximate arithmetic shows promise for
pre-filtering or driver-monitoring stages, the necessity of formal error-bounding verification
before deployment in safety-critical collision warning loops is emphasized.

Recent research has further explored approximate computing for vehicular applica-
tions. AdApTS [47] presents an adaptive approximate computing approach for traffic
sign recognition in resource-constrained self-driving systems. Approximate LSTMs for
time-constrained inference [48] introduce progressive inference combining model pruning
and computation restructuring for approximation under latency budgets. AppSign [49]
presents a multi-level approximate computing approach balancing accuracy, computational
overhead, and response time for autonomous vehicles. A survey on approximate edge
AI for energy-efficient autonomous driving services [50] reviews connected vehicular ap-
plications, communications, approximation, and edge AI techniques for energy-efficient
autonomous driving. Figure 5 illustrates a typical field-programmable gate array accel-
erator pipeline for collision detection, from sensor input through convolutional neural
network inference to warning decision.

Figure 5. FPGA accelerator pipeline for collision detection.

The diagram illustrates the FPGA accelerator pipeline for collision detection, consisting
of five sequential hardware stages: sensor input from LiDAR or camera, pre-processing for
resizing and filtering, CNN inference running models, such as YOLO or MobileNet, post-
processing for non-maximum suppression and tracking, and warning decision for collision
checking. Each stage operates as a dedicated hardware module with no CPU involvement,
enabling fully deterministic execution. All stages run in parallel simultaneously through
deep pipelining, achieving maximum throughput without software-induced jitter. On-chip
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memory (weight and feature buffers) supports the pipeline by minimizing off-chip data
movement, which reduces latency and power consumption. This architecture achieves a
deterministic total latency of 1 to 10 milliseconds, making it suitable for sub-10 ms automatic
emergency braking (AEB) and real-time collision warning systems. The deterministic
timing is a critical advantage over GPU-based solutions, which suffer from scheduler
overhead and memory contention.

6. Comparative Analysis of Edge Architectures for Vehicle Warnings
To help researchers and engineers select appropriate architectures, a comparative

analysis of key metrics including latency, power, area, and real-time suitability is presented.

6.1. Latency Comparison

Table 2 summarizes average processing latencies for different architecture approaches.

Table 2. Latency comparison across architectures.

Architecture Processing Latency (per Frame/Inference) Suitability for <10 ms Warning

Cloud-only (4G/5G) 50–200 ms No
Fog (RSU/Gateway) 10–30 ms Suitable (with 5G/ideal conditions)
Edge (CPU, software) 20–50 ms No (borderline)

Edge (GPU, e.g., Jetson) 5–15 ms Marginal (depends on load)
Edge (FPGA) 1–10 ms Yes (deterministic)
NPU/ASIC 1–5 ms Yes (ultra-low-power, fixed-function)

Hybrid (edge + cloud) 5–30 ms Depends on offloading strategy

Cloud-only systems using 4G or 5G networks typically take 50 to 200 ms, which
exceeds the safety threshold for collision warnings. Fog computing, which leverages
intermediate roadside gateways and mobile vehicular nodes, reduces this to 10–30 ms by
offloading aggregative and non-critical tasks before they reach the cloud [22,37–42,51]. Edge
processing on CPUs running software implementations takes 20 to 50 ms, which remains
borderline for sub-10 ms requirements. Edge GPUs such as the NVIDIA Jetson series
achieve 5 to 15 ms, which is marginal and depends on system load. Edge FPGAs achieve
1 to 10 ms with deterministic timing, making them suitable for sub-10 ms warnings. Finally,
dedicated NPUs/ASICs deliver the lowest latency at 1 to 5 ms, but their fixed-function
nature limits reconfigurability for evolving algorithms [30,52–54]. Hybrid edge-cloud
approaches fall in the 5–30 ms range, with performance strongly dependent on offloading
decisions. Figure 6 shows a bar chart comparing these average processing latencies.

Figure 6. Latency comparison of edge, fog, and cloud architectures.

The bar chart compares average processing latency across six computation targets:
cloud-only, fog nodes, edge CPU, edge GPU, edge FPGA, and NPU/ASIC. Cloud-only
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solutions range from 50 to 200 milliseconds and are labeled “Not Suitable” for sub-10 ms
vehicle warning requirements due to network transmission and backhaul delays. Fog
nodes (RSUs/gateways) achieve 10 to 30 milliseconds, making them suitable under ideal
5G conditions by offloading aggregative and non-critical tasks before cloud transmission.
Edge CPU implementations range from 20 to 50 milliseconds and are labeled “Borderline,”
as they exceed the sub-10 ms threshold for collision warnings. Edge GPU solutions range
from 5 to 15 milliseconds and are labeled “Marginal,” as performance depends on system
load and scheduler overhead, introducing timing variability. Edge FPGA accelerators
achieve 1 to 10 milliseconds with deterministic timing, making them fully “Suitable”
for sub-10 ms warnings. NPUs/ASICs deliver the lowest latency at 1 to 5 milliseconds,
also “Suitable,” but with the trade-off of fixed-function non-reconfigurability. The chart
concludes that sub-10 millisecond deterministic processing achievable with FPGAs and
NPUs is safe and compliant for autonomous warnings, while cloud-only and CPU-based
solutions are inadequate for safety-critical applications.

6.2. Power and Energy Efficiency

Table 3 compares power consumption and energy efficiency across accelerator types.
High-end graphics processing units consume 150 to 250 watts and require 15 to 30 joules per
inference, making them suitable for training and non-real-time applications but impractical
for vehicle edge deployment.

Table 3. Power and energy efficiency comparison across accelerator types.

Accelerator Type Power (W) Energy per Inference (J) Best Use Case

High-end GPU (e.g., NVIDIA A100) 150–250 15–30 Training, non-real-time batch
processing

Fog node (RSU/edge server)
[22,37,38,40,51] 80–150 3–10 Intermediate aggregation,

overload relief

Embedded GPU (e.g., Jetson Orin) 10–15 0.5–2 Moderate real-time, flexible
software stack

Edge NPU/ASIC
(e.g., Google Edge TPU, Huawei

Ascend, Qualcomm Hexagon)
[30,52–54]

1–5 0.05–0.5 Fixed-function, ultra-low-power
edge inference

FPGA (mid-range, e.g., Xilinx Zynq) 5–15 * 0.2–1 Low-latency, energy-sensitive,
reconfigurable

Custom ASIC (mass production) [55] 1–5 0.05–0.2 High-volume, fixed-function
production

* FPGA power ranges from 5 to 15 watts in typical implementations; some low-power FPGAs, such as those from
Lattice Semiconductor, achieve under 5 watts.

Embedded graphics processing units, such as the NVIDIA Jetson series, consume
10 to 15 watts and 0.5 to 2 joules per inference, offering moderate real-time capability
with a flexible software stack [43]. Mid-range field-programmable gate arrays consume
5 to 15 watts and 0.2 to 1 joule per inference, making them well suited for low-latency,
energy-sensitive applications with deterministic timing and reconfigurability [23,31,32].
Custom application-specific integrated circuits consume 1 to 5 watts and 0.05 to 0.2 joules
per inference, but they lack reconfigurability and require high non-recurring engineering
costs, making them practical only for mass production [55].

Fog nodes (roadside units or edge servers equipped with x86 CPUs or GPUs) occupy
a distinct middle ground, consuming 80 to 150 watts of power and delivering 3 to 10 joules
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per inference [22,37,38,40,51]. While they are not as energy efficient as dedicated edge
accelerators, they serve an essential architectural role by aggregating data from multiple ve-
hicles, handling non-critical analytics, and acting as a resilient backup when the immediate
edge RSU is congested.

Emerging NPUs and custom ASICs (e.g., Google Edge TPU, Huawei Ascend,
Qualcomm Hexagon) achieve the lowest energy consumption at 1 to 5 watts and
0.05 to 0.5 joules per inference, making them the most energy-efficient option for fixed-
function inference tasks [30,52–54]. Video-based traffic light recognition by Rockchip
RV1126 [54] demonstrates real-time traffic light recognition (>25 FPS) on an NPU, val-
idating model practicality for edge deployment. However, NPUs lack post-fabrication
reconfigurability, limiting adaptability to new algorithms or safety standards compared
to FPGAs.

Figure 7 presents a scatter plot that visually contrasts the power-latency trade-offs
across all surveyed processing tiers. Edge CPUs consume the least power (1–5 W) but suffer
from the highest latency (20–50 ms), rendering them borderline for sub-10 ms warning
generation. Edge FPGAs offer an excellent compromise at 5–15 W and 1–10 ms, providing
deterministic, reconfigurable acceleration ideal for evolving safety algorithms. Edge GPUs
consume moderately higher power (10–15 W) for similar latency ranges (5–15 ms) but
lack deterministic timing due to scheduler overhead. High-end GPUs dominate power
consumption (150–250 W) while offering only moderate latency (5–15 ms), making them
suitable for cloud training but impractical for in-vehicle deployment.

Figure 7. Power-latency trade-off scatter plot.

Emerging NPUs and custom ASICs occupy the ideal bottom-left corner, achieving
the lowest latency (1–5 ms) at the lowest power (1–5 W) [30,52–54], making them the
most energy-efficient for fixed-function inference. Video-based traffic light recognition by
Rockchip RV1126 [54] demonstrates real-time traffic light recognition (>25 FPS) on an NPU,
validating model practicality for edge deployment. However, NPUs lack post-fabrication
reconfigurability, limiting adaptability to new algorithms or safety standards.

Critically, fog nodes (roadside units or edge servers equipped with x86 CPUs or GPUs)
occupy a distinct middle ground. As surveyed in Section 4.3, fog nodes consume 80–150 W
of power and deliver 10–30 ms latency [22,37,38,40,51]. While they are not as fast or energy
efficient as dedicated edge accelerators, they serve an essential architectural role: they
aggregate data from multiple vehicles, handle non-critical analytics, and act as a resilient
backup when the immediate edge RSU is congested. In the power-latency plot, fog nodes
sit above the edge devices but far below the cloud in latency, visually representing their
role as the bridge between the edge and the cloud.
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The scatter plot illustrates the power-latency trade-off across six hardware and archi-
tectural categories. High-end GPUs consume the most power at 150 to 250 watts with mod-
erate latency of 5 to 15 milliseconds, making them suitable for training and non-real-time
applications but impractical for vehicle edge deployment. Fog nodes (roadside units/edge
servers) consume 80 to 150 watts with 10 to 30 milliseconds latency, serving as intermediate
aggregation points that bridge the gap between edge and cloud [22,37,38,40,51]. Edge
GPUs (e.g., NVIDIA Jetson series) consume 10 to 15 watts with 5 to 15 milliseconds of
latency, offering moderate real-time capability but lacking deterministic timing due to
scheduler overhead [43]. Edge FPGAs consume 5 to 15 watts with 1 to 10 milliseconds
of latency, balancing efficiency and speed with deterministic, reconfigurable acceleration
ideal for evolving safety algorithms [23,31,32]. Edge CPUs consume only 1 to 5 watts but
exhibit the highest latency at 20 to 50 milliseconds, rendering them borderline for sub-10 ms
warning generation. NPUs/ASICs (e.g., Google Edge TPU, Huawei Ascend) occupy the
ideal bottom-left corner, consuming 1 to 5 watts with 1 to 5 milliseconds of latency, making
them the most energy-efficient option for fixed-function inference tasks, albeit with limited
reconfigurability compared to FPGAs [30,52–54]. The ideal region is the bottom-left (low
power, low latency); NPU/ASIC achieves the closest proximity for fixed-function work-
loads, while FPGA offers the best balance for reconfigurable safety-critical systems, and
fog nodes fill the gap between edge and cloud for aggregative and non-critical tasks.

6.3. Trade-Offs Summary

Table 4 summarizes the trade-offs among the main edge architectures across several criteria.

Table 4. Trade-offs and suitability for vehicle warning systems.

Criterion Cloud Fog Edge
(CPU) Edge (GPU) Edge (FPGA) NPU/ASIC

Low latency (<10 ms) No Suitable
(10–30 ms) No Yes Yes Yes

(1–5 ms)

Low power (<5 W) N/A No
(80–150 W) Yes No Moderate 1 Yes

(1–5 W)

Reconfigurability N/A Moderate Yes Moderate 2 Yes No
(Fixed-function)

Development ease Yes Moderate Yes Moderate 3 No Moderate 4

Deterministic timing No Moderate No Moderate 5 Yes Yes
1 FPGA power ranges from 5 to 15 watts; some low-power FPGAs achieve under 5 watts. 2 GPU reconfigurability
is limited to software changes; the hardware architecture remains fixed. 3 GPU development is easier than FPGA
development using CUDA or TensorRT compared to HDL, but it still requires real-time optimization expertise.
4 NPU/ASIC development uses vendor-specific SDKs (e.g., edge TPU compiler, Huawei CANN) with moderate
learning curves. 5 GPU timing is non-deterministic due to scheduling overhead and memory contention; fog
timing depends on network conditions and load.

For low latency under 10 ms, cloud-only solutions are unsuitable, while fog nodes
are suitable under ideal 5G conditions (10–30 ms), and both GPUs and FPGAs are suitable.
NPUs/ASICs are also suitable (1–5 ms) but with fixed-function limitations. For low power
under 5 W, cloud is not applicable, edge CPUs are good, edge GPUs are poor, and FPGAs
are moderate (with some low-power variants achieving <5 W); NPUs/ASICs also achieve
<5 W for fixed-function inference. For reconfigurability, edge CPUs and FPGAs offer
significant flexibility, whereas GPUs are moderately reconfigurable (limited to software
adjustments), and ASICs/NPUs are fixed-function. Fog nodes offer moderate reconfig-
urability through software-defined gateways. For development ease, cloud, edge CPU,
and edge GPU are good, while FPGAs are more challenging; fog development is moderate
due to heterogeneous hardware integration. Regarding deterministic timing, FPGAs and
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ASICs excel, GPUs suffer from scheduler and memory contention overhead, fog nodes are
moderately deterministic depending on network conditions, and CPUs/cloud exhibit the
highest variability.

6.4. Critical Synthesis of the Surveyed Literature

To provide a structured, at-a-glance comparison of the core studies surveyed, Table 5
critically synthesizes the methodologies, contributions, and limitations of representative
works. This synthesis highlights the fragmentation in evaluation metrics (e.g., some use
end-to-end latency, others only processing latency) and the lack of standardized testing
environments, which directly underpins the research gaps discussed in Section 7.

Table 5. Critical synthesis of representative edge computing studies for vehicle warnings.

Focus Area Methodology/Algorithm Strength Weakness/Gap Applicability to Vehicle
Warnings

Edge Intelligence
Frameworks [1]

Hierarchical edge-cloud
collaboration survey Comprehensive taxonomy Lacks quantitative

hardware comparison
High (architectural

guidance)

Collision Avoidance
Algorithms [5]

Systematic review of DRL
and CNN methods

Covers algorithmic
diversity

Does not address
hardware mapping

Medium (algorithm
selection)

FPGA Implementation [8] Sobel + Manhattan
distance on Cyclone IV Achieves 5.2 ms latency Tested only in lab, not real

roads
High (proof of HW

viability)

V2X Dissemination [4] Edge relay broadcast
storm reduction

40% latency reduction via
simulation

Simulation-only; no HW
prototype

Medium (communication
strategy)

GPU vs. FPGA [43] Lane detection on Zynq vs.
Jetson TX2

Direct quantitative HW
comparison

Limited to lane detection
only

High (energy efficiency
benchmark)

Fog Computing [37] 5G fog model for VANET 40% latency reduction vs.
cloud

Assumes ideal 5G
coverage

High (latency
optimization)

Fog Task Scheduling [38] Fuzzy logic scheduling in
fog-VANET

Balances load, keeps
<20 ms latency

Complexity of fuzzy rules
in dynamic V2X

High (resource
management)

Mobile Fog Nodes [51] Vehicles-as-fog for latency
optimization Dynamic resource pooling Security/privacy of

shared vehicle resources
High (novel architectural

insight)

ASIC/NPU Performance
[30]

Benchmarking Google
Coral vs. GPU

1–5 W power, fast ML
inference

Fixed models; lacks
reconfigurability

Medium (low-power
inference)

Edge-Optimized CNNs
[23–27]

YOLOv5/v8/v11
FPGA/NPU

implementations

Real-time detection on
edge

Limited to specific model
variants

High (practical
deployment)

7. Research Gaps and Future Directions
Based on the critical synthesis in Section 6.4, five principal research gaps are identified

that collectively hinder the widespread deployment of low-latency edge architectures
for vehicle warning systems. These gaps span benchmarking standardization, hardware
reliability, algorithmic safety, resource orchestration, and sustainable deployment.

• Gap 1: Lack of Standardized Benchmarks for Edge-Based Warning Systems

Current research uses highly diverse datasets (KITTI, BDD100K, custom collections)
and inconsistent latency metrics; some report end-to-end latency including communication,
whereas others report pure processing time. This fragmentation makes fair cross-study
comparisons virtually impossible. A standardized benchmark suite tailored specifically to
edge-based vehicular warning systems is urgently needed. Proposed direction: Develop an
open benchmark suite that includes representative driving scenarios, unified latency defi-
nitions, and safety-critical performance constraints. Estimated impact: Enables objective,
reproducible comparisons across hardware platforms and algorithms.

• Gap 2: Limited Integration of Approximate Computing in Safety-Critical Loops
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Approximate computing offers dramatic latency and power reductions of up to 40%
and 30%, respectively, but its application to functions like collision detection remains
underexplored due to legitimate reliability concerns. Without formal error-bounding
guarantees, approximate circuits cannot be trusted in primary warning paths [47–50].
Proposed direction: Design error-resilient approximate accelerators with mathematically
guaranteed worst-case error bounds (e.g., ±5% in TTC or distance estimation). Estimated
impact: 30–50% reduction in both latency and power consumption for pre-processing and
feature-extraction stages.

• Gap 3: Field-Tested FPGA Prototypes Under Real Driving Conditions

The vast majority of FPGA-based warning systems are validated in simulation or con-
trolled testbeds. Real-world driving exposes hardware to vibration, temperature extremes,
humidity, and electromagnetic interference factors that can severely impact timing closure,
thermal throttling, and bit error rates [8,23]. Proposed direction: Conduct 6–12 month
field trials using vehicle-mounted FPGA prototypes across diverse geographic and cli-
matic conditions. Estimated impact: Provides the reliability data necessary for automotive
certification (e.g., ISO 26262:2018 [56]) and production deployment.

• Gap 4: Integration of V2X and Edge AI in Heterogeneous Networks

While V2X edge offloading and AI inference have been studied separately, their joint
optimization remains an open problem. Dynamic channel conditions, vehicle density, and
handover events create highly variable communication latencies that can dominate the
end-to-end warning delay. Static offloading policies fail under real traffic dynamics [34,35].
Proposed direction: Design machine learning-based online schedulers that co-optimize
communication resource allocation (spectrum, power) and computation distribution (edge
vs. fog vs. vehicle) in real time. Estimated impact: 20–40% reduction in end-to-end latency
under high-mobility urban scenarios.

• Gap 5: Energy-Harvesting Edge Nodes for Sustainable Warning Systems

Roadside edge nodes and RSUs currently rely on grid power or batteries, limiting
deployment in remote or economically constrained areas. Future nodes could harvest
energy from road vibration (piezoelectric), solar radiation, or even thermal gradients.
Low-power arithmetic and approximate computing are key enablers, but full system-
level integration from harvester to processor to communication module has not been
demonstrated in a vehicular safety context. Proposed direction: Integrate ultra-low-power
approximate adders and sleep-wake scheduling with piezoelectric or solar harvesting
modules into a prototype RSU. Estimated impact: Enables truly maintenance-free, off-grid
deployment of roadside warning infrastructure.

Table 6 summarizes these five gaps alongside their proposed directions.

Table 6. Summary of key research gaps and proposed future directions.

Gap Proposed Future Direction

No standardized benchmarks Develop a public benchmark suite with unified latency metrics and
representative driving scenarios

Approximate computing in safety loops Design error-resilient accelerators with mathematically guaranteed bounded
error (±5% in TTC) [42,47–49]

Lack of field-tested FPGA prototypes Conduct long-term field trials under real driving conditions [8,23]

Joint communication-computation optimization Design ML-based online schedulers for V2X edge offloading under dynamic
channel conditions [34,35]

Energy-harvesting edge nodes Integrate low-power arithmetic and sleep-wake scheduling with
piezoelectric/solar harvesting
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Real-Time Edge-Enhanced Vehicular Decision Making

In addition to the five infrastructure-level gaps above, a critical and distinct under-
explored area is how edge inference directly enhances end-decision making in vehicles,
specifically the integration of edge outputs into real-time trajectory correction and predic-
tive actuation. While this review covers hardware latency, the control loop integration
remains fragmented across the literature.

Edge computing can fuse multi-modal sensor data (LiDAR, Radar, Camera) at
sub-10 ms intervals to feed into Model Predictive Control (MPC) algorithms for immediate
braking or steering interventions [33]. Furthermore, edge-based shared situational aware-
ness where one vehicle’s detected hazard is broadcast to nearby vehicles via V2X within the
same edge domain can preemptively trigger warnings in trailing vehicles [25,36]. Recent
studies [57,58] demonstrate that edge-enabled predictive analytics can reduce the severity
of rear-end collisions by up to 35%.

However, the tight coupling of edge inference outputs with real-time vehicular ac-
tuators (drive-by-wire systems) introduces new safety certification challenges that are
seldom addressed in the current edge literature. Unlike infrastructure gaps (Gaps 1–5),
this gap directly involves functional safety standards (ISO 26262:2018 [56] ASIL-D), real-
time operating system integration, and fail-operational requirements. Therefore, this is
identified as a separate, high-priority future direction: the development of safety-certified
edge inference kernels that guarantee not only low latency but also deterministic execution
under worst-case scheduling conditions, with built-in redundancy and error detection for
actuator commands.

Proposed direction: Design and formally verify a reference edge inference pipeline
(from sensor fusion to actuation command) that meets ASIL-D requirements, including tim-
ing isolation, memory protection, and failover mechanisms. Estimated impact: Bridges the
gap between academic edge AI prototypes and production-grade vehicular safety systems.

8. Limitations of This Review
This review focuses on the peer-reviewed literature from 2023 to 2025 mostly and may

omit relevant industrial white papers or pre-print server content. The comparative analysis
synthesizes results from different testbeds and workloads, so readers should exercise
caution when directly comparing absolute latency numbers across studies. Systematic meta-
analysis or independent replication of the reported results was not conducted. Additionally,
the rapid evolution of edge computing hardware means that some performance figures,
particularly for commercial GPUs and FPGAs, may become outdated quickly.

9. Conclusions
This review synthesized the state of the art in low-latency edge computing archi-

tectures for real-time vehicle warning systems. Edge intelligence frameworks for ITS,
collision avoidance algorithms, V2X communication and offloading strategies, and hard-
ware accelerators, including FPGAs, low-power adders, NPUs/ASICs, and approximate
computing [47–50], were surveyed. A comparative analysis showed that FPGA-based
accelerators offer the best trade-off for deterministic sub-10 ms latency with moderate
power consumption (5–15 W), while emerging NPUs provide even lower power (1–5 W)
for fixed-function ML inference [30,52–54]. Fog computing was also highlighted as a critical
intermediary layer to bridge edge-cloud gaps [22,37–42,51]. Key research gaps include the
lack of standardized benchmarks, limited field validation, untapped potential of approxi-
mate computing for safety-critical functions, and the urgent need for safety-certified edge
inference for direct vehicular actuation [33,57,58].
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Future work should focus on developing benchmark suites, field-testing FPGA proto-
types, designing energy-harvesting edge nodes, and creating ISO 26262:2018 [56]-compliant
edge inference kernels. This review provides a foundation for researchers and engineers
aiming to build next-generation, low-latency vehicle warning systems that save lives on
the road.
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ADAS Advanced Driver-Assistance System
AEB Automatic Emergency Braking
AI Artificial Intelligence
ASIC Application-Specific Integrated Circuit
C-V2X Cellular Vehicle-to-Everything
CNN Convolutional Neural Network
DRL Deep Reinforcement Learning
DSP Digital Signal Processing
FPGA Field-Programmable Gate Array
ITS Intelligent Transportation System
MEC Multi-Access Edge Computing
MPC Model Predictive Control
NPU Neural Processing Unit
RSU Roadside Unit
TTC Time-to-Collision
URLLC Ultra-Reliable Low-Latency Communication
V2I Vehicle-to-Infrastructure
V2N Vehicle-to-Network
V2P Vehicle-to-Pedestrian
V2V Vehicle-to-Vehicle
V2X Vehicle-to-Everything
VANET Vehicular Ad Hoc Network
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