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Abstract. Although intelligent connected vehicles have strong perception capabilities in complex and dynamic environments,
they still cannot improve people's lives. This paper proposes a universal sensor fusion architecture for cooperative perception
in multi-vehicle groups. By integrating multimodal data from cameras, LiDAR, radar, and other sensors through distributed
fusion and unified data abstraction, this framework is modular and protocol-agnostic. Through large-scale real-world
deployments and detailed simulations, experimental validation is conducted to assess its effectiveness in various
environments, such as highways, urban traffic, and adverse weather conditions. Quantitative data indicate that the proposed
system achieves a detection rate of over 92% in most scenarios. In adverse weather or at night, the system's detection rate
drops to 83-88%, but its latency remains relatively low, with end-to-end latency not exceeding 130 milliseconds under
maximum load. A solution has been proposed that responds quickly to anomalies, is fault-tolerant to sensor failures, and
achieves efficient resource utilization through edge-cloud collaboration and adaptive fusion algorithms. This structure is
suitable for expansion and adjustment, which can enhance the collaborative perception performance and reliability of
intelligent vehicle networks, and is also feasible in other aspects. This paper discusses the scope and feasibility of applying
this architecture in the creation of large-scale automated transportation systems.
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Introduction

With the rapid development of intelligent connected vehicles (ICV), the entire transportation model has changed.
We are now in an era of high perception and automation. By combining next-generation sensor technology with
in-vehicle computing, low-latency vehicle-to-everything (V2X) communication can be promoted, providing
richer contextual awareness for advanced driving [1]. Despite these achievements, there are still some issues.
In adverse weather conditions, the perception systems at urban intersections and multi-agent highways remain
relatively unstable and inaccurate [2]. These issues include sensor occlusion, data insufficiency, and traffic
anomalies. The limited perception range and inherent modality-specific defects of individual sensors exacerbate
the problem, and system misses and ambiguous classifications can lead to dangerous decisions [3]. In dense
traffic, complex road conditions, or sudden obstacle detection, even the best sensor fusion frameworks currently
used in single vehicles often fail to meet these requirements [4]. Loss of recognition, slow response speed, and
reduced confidence in emergencies are a few examples of the aforementioned deficiencies [5]. Improving the
environmental perception capabilities of intelligent vehicles remains a problem that the industry and research
field need to address [6].

Given the limitations of individual perception, people have recently begun to use multiple vehicles or
infrastructure nodes to collaborate, sharing and integrating sensor data through vehicular ad hoc networks [7].
Collaborative perception can share spatially and temporally distributed data, helping to address blind spot issues,
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extend the perception range, and reduce the impact of single sensor failures [8]. Achieving this goal also faces
some significant technical challenges. Under bandwidth limitations, prioritizing the update of critical data,
handling asynchronous data streams, and supporting communication modes with multiple data formats are
necessary conditions for multi-vehicle information sharing [9]. The different types of sensors and hardware
specifications from various manufacturers, as well as proprietary data interfaces, hinder cross-brand and multi-
generational data integration [10]. To prevent network instability, packet loss, and physical network attacks, the
system should have scalability and fault tolerance capabilities, so that cooperative collision avoidance and joint
path planning applications can transmit and integrate data in real-time and reliably. In order to ensure safe
driving, scientists are researching how to build a scalable, open-source, and universal sensor fusion platform to
unify various vehicle platforms and achieve high-precision collaborative perception.

This paper proposes a comprehensive sensor fusion architecture for collaborative perception in intelligent
connected vehicles. To support future new communication standards as well as various sensors and operations
of different scales, this architecture is necessary. Focusing on high-level data abstraction and protocol
agnosticism to achieve robust integration of multiple sensor networks from various hardware generations and
sources, thereby enabling real-time, reliable collective perception. In order to thoroughly validate the
aforementioned methods, extensive large-scale empirical studies were conducted. These studies involve various
traffic conditions, environmental settings, and hardware configurations. The following analysis includes the
perception performance of large-scale collaborative sensing, robustness under faults and stress, resource
utilization efficiency, and other important trade-offs. We hope to advance cutting-edge vehicle sensor fusion
technology through this research and provide foundational research and practical applications for the next
generation of collaborative autonomous driving systems.

Related Work

Cooperative Perception in Connected Vehicles

Cooperative perception has recently been used to improve the performance of intelligent connected vehicles,
addressing the issue of isolated single-vehicle perception. Through the cooperative mechanism between
vehicles and infrastructure, raw and preprocessed sensor data from different road areas can be collected at
different times. This approach can create a comprehensive road condition database that includes three-
dimensional data. By sharing data, the coverage of the fleet can be expanded, while addressing blind spots and
occlusion issues, thereby improving the fleet's detection and prediction performance. In heavy traffic, complex
intersections, and situations where single vehicle sensors are limited or small sensors are used, the
aforementioned methods also perform well. By integrating edge and cloud resources into the collaborative
perception framework, the accuracy of evaluations in dynamic or unstable environments can be improved [11].
In early field tests and simulation experiments, it was found that the improved system was superior in danger
recognition, collision avoidance, and response speed. In light of these achievements, the industry has already
begun to build a comprehensive platform to collaboratively perceive, communicate, and make decisions in order
to scale up the construction of safer and smarter mobile systems [12].

Multi-Sensor Fusion Technologies and Standards

Reliable sensor fusion strategies are crucial for the perception of autonomous vehicles. For example, cameras,
radar, and LiDAR use multiple sensors to integrate data and compensate for the shortcomings of individual
sensors to build a relatively robust environmental model. Early fusion, also known as the merging of initial
features, and late fusion, also known as the merging of individual choices or outputs [13]. Probabilistic methods,
such as Bayesian inference and Kalman filters, can be used to handle uncertainty in sensor data. These methods
are also very effective in tracking and locating objects [14]. With the development of deep learning, learning-
based fusion frameworks have garnered attention. These frameworks can be used to improve the effectiveness
of recognition and classification, and to automatically learn the best fusion strategies for high-dimensional,
multimodal features [15]. Data synchronization, real-time data exchange, and system integration are supported
by ROS and adaptive standard platforms [16]. In order to achieve fast and reliable transmission of collaborative
perception data in the real world, the ITS-G5 and DSRC protocols are used to establish low-latency information
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sharing systems [17]. The research and industrial deployment in the field of multi-agent automated mobility are
based on these standards and technologies [18].

Limitations of Existing Architectures

Despite significant progress in collaborative perception architectures, they are still not suitable for large-scale
deployment in complex and diverse real-world vehicle fleets [19]. Many of these systems use proprietary or non-
standard sensor connections, making it difficult to integrate them into vehicles or devices from different years
[20]. In order to accommodate new devices, multiple data formats must be supported, as modifying old systems
can lead to significant delays in testing [21]. Currently, most solutions are not accurate enough in handling
fluctuations in available communication bandwidth or computing resources, which leads to a decline in
perception performance under high network load or heavy traffic conditions [22]. Due to the limitations of the
software interface and resource allocation plan, the system's scalability is limited. As the number of participating
vehicles increases, this will become an obstacle [23]. Other issues include the vulnerability of asynchronous
sensor streams, alignment errors, and imperfect data synchronization. These issues may propagate during the
fusion process, leading to perception failures or unexpected delays [24]. These issues indicate the need for a
universal, open, and scalable sensor fusion framework [25]. It must be scalable, ensure seamless interoperability,
and ensure reliable operation in the complex and unstable environments of large-scale real-world connected
vehicle deployments.

Universal Fusion Architecture and Algorithms

System Architecture Overview

A universal sensor fusion architecture can be used to build an all-weather, fully networked, heterogeneous
hardware, multi-vehicle collaborative perception system. The sensor interface layer, abstraction and
communication middleware layer, and fusion decision layer constitute the three logical levels of the architecture.
Protocol independence and hierarchical modularity contribute to vendor-neutral scalability.

At system startup, the perception interface layer continuously collects high-dimensional output data from
camera arrays, distributed radar, LiDAR, and vehicle or infrastructure nodes. These signals are referenced in time
and space, and then sent to an abstract middleware for secure processing, synchronization, and standardization
to ensure that the sensor streams of all connected nodes match. The middleware ensures compatibility of all
data, regardless of its original format, by standardizing timestamps, cross-source spatial calibration, and
encoding initial uncertainties.

The fusion decision layer is responsible for collective perception, behavior modeling, and fusion results.
According to the importance of the current task and bandwidth, the process of managing distributed fusion with
confidence-adjusted propagation is carried out between local processors and cloud-edge resources. Each
submodule can dynamically select the aggregation mode based on packet loss or incomplete data collection.

The holistic flow can be formalized as follows. Let S_in represent the multi-modal sensor observations from all
nodes, and let C_ctx comprise all context and historical state variables. The cooperative fusion outcome, P out,
is described by:

N
P_out="F <Z bx (Tk(s_in (), C—Ctx)) + Enoise, drop) Eq.(1)

k=1
where ¢, denotes node-specific pre-processing, T, the temporal/spatial registration, and &,qise, arop Models
network noise and sensor dropout.

The abstract mapping function is used to describe the mapping from modular structure to functionality:

March: {Lsens' Labs' quse} - Osys Eq(2)
with the mapping M., denoting the architectural transformation from sensory, abstraction, and fusion layers
to finalized system outputs.
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A general sensor fusion architecture is used to integrate various sensor data, abstract these data, and then make
decisions based on them. First, collect a large amount of data from distributed sensor arrays, and then process
it through the system's abstract middleware layer. Standardize various data sources, align them temporally, add
relevant attributes, and build a common foundation for subsequent processing. In order to create a complete
environmental model, this merged information is subsequently sent to the collaborative fusion engine. The
collaborative fusion engine will integrate data from multiple sensors, which have been standardized and include
dynamic uncertainty descriptors. The fused perception output is directly sent to the main perception and
decision-making modules, which use this output during real-time operations. Figure 1 shows the extension of
the architecture to add bidirectional communication channels between cloud resources, edge, and vehicle
endpoints. These two channels are used to continuously collect feedback and make context-aware adjustments
to the system; the fusion pipeline can quickly respond to changes in the network and operational environments.
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Figure 1. Universal Sensor Fusion System Architecture.

Data Abstraction and Communication Protocol

An efficient data abstraction layer and high-speed communication mechanisms are the foundation of multi-
sensor and multi-agent collaboration. Convert all raw data from sensors into a standard format. Then, unified
timestamps, geometric registration, and probabilistic metadata are overlaid. The aforementioned concepts can
collaborate with each other to understand various sensors and nodes.

Through encoding, each data packet will contain context tags, uncertainty scores, and semantic descriptors.
Protocol-agnostic serialization includes high-dimensional point clouds, image features, and dynamic object
trajectories. They are all presented in the form of structured message frames. At the network level, the abstract
model employs intelligent scheduling to prioritize key perceptual features and adaptively sparsify data, thereby
achieving low-latency connections under bandwidth constraints.

The abstract mapping model of multimodal data from all sources is shown as follows:

M
Dabs = ‘A ( U 57(71‘(231 (t)' greg! g;ynm umeta) Eq (3)
m=1

where Srg:j is the sensor modality data at time t, G, the geometric registration, T, the time synchronization,

and U,.t, the associated uncertainty and semantic metadata.

Priority and adaptation policies are included in the map that links logical message objects to physical
transmission frames in the protocol interface:
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:Pproto (Omsg' Bpriw Qopt) = {*TphySl CS‘sched! :Rctrl} Eq(4)
where O, denotes abstracted information objects, B, denotes dynamic priority allocations, Q. the
adaptive optimization criteria, mapped to physical frames F s, network scheduling 8.4, and resource control
:Rctrl-

In order to ensure the integrity of synchronization, hybrid clock alignment and error propagation protocols were
used, and out-of-band packets were employed to correct lost or delayed data packets to ensure the integrity of
synchronization.

Fusion Algorithm Framework

The high confidence and adaptive fusion algorithms at the core of this structure can achieve accurate perception
results in various harsh environments. Preprocessing, context enrichment, and uncertainty propagation are
components of the multi-stage pipeline for incoming data streams, which may be asynchronous or incomplete
[15].

The entire process chain of the fusion algorithm consists of many interconnected steps. The raw sensor data
from various vehicles and infrastructure devices must be accurately aligned and abstracted. The context-aware
features extracted from the aforementioned architecture can provide information about the environment and
operations at any time. This helps improve the system's interpretability. Multimodal data streams reach the
fusion core through confidence metrics and semantic descriptors, and are randomly weighted and
collaboratively integrated. It provides a unified, high-confidence environmental view for the vehicle's planning
and perception modules to make decisions. Figure 2 shows the method of continuously collecting algorithm
results and environmental change feedback through a loop for adjustment. The adaptive feedback loop can
dynamically adjust fusion weights, confidence thresholds, and feature selection strategies to maintain the
system's stable situational awareness and responsiveness when external environments or internal conditions
change.
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Figure 2. Fusion Algorithm Workflow Diagram.

In the fusion core, each detected entity, observation, and meta-feature is assigned a weight based on the
sensor's reliability, recent failure rate, environmental conditions, and network health status. For multi-source
weighted fusion, the fusion rules are as follows:

n
i= yz WiZ; + Q(ﬁ, Hensttat) Eq(5)
i=1
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with w; the adaptive weights per sensor/source, z; the feature vector, and 6( ) a non-linear adjustment based
on confidence estimator 7, environmental context H,,,,, and statistical loss L;.

In order to maintain the confidence level throughout the entire data processing chain, formalize the propagation
of uncertainty:

Cout = ¢({Vl : Uzzi}' thx' Aasync) Eq-(G)
where C,, is output confidence, V; the input variance, X, summarizing contextual uncertainty, and A, the
time offset correction.

Contextual features are first extracted, and then they are integrated into an abstract state vector for subsequent
decision-making modules to use.

m
thx = gcont U El’le (Xj; i, ‘Stypc) Eq(7)
j=1

where Enc; is the encoder for the j-th context source, 7; the task-dependent projection matrix, and Sy,e
semantic group tags, with €., as the context feature aggregator.

For collaborative intelligent transportation systems, the closed-loop, context-based fusion process dynamically
adjusts to adapt to changes in the operational environment while maintaining high-precision perception and
real-time performance.

Experimental Setup and Theoretical Validation

Experimental Platform and Scenario Modeling

A modular testing platform has been established, equipped with extended sensor modules and various physical
vehicles and precise virtual agents, for all-weather testing of a universal sensor fusion architecture. The
hardware infrastructure will be equipped with full-scale autonomous vehicles and robotic platforms equipped
with inertial measurement units, millimeter-wave radar, high-resolution cameras, and synchronized LiDAR
arrays, and they will be deployed in multiple geographical test areas. Real-time vehicle data is transmitted
through edge computing gateways to the cloud computing cluster at the core fusion and orchestration layer. An
independent network simulator will be used to address issues such as random delays, packet loss, and
bandwidth fluctuations.

Scenario modeling is a physics-based simulation software environment used for detailed highway and urban
scenarios. Connected to the hardware via a ring interface. Test cases include different environments and
operating conditions, such as day-night changes, different weather, varying traffic densities, and sensor
occlusions. By formalizing the scenario probability space, we capture the multidimensional set of relevant states:

Pas = [ . Fon e feomn (P)dxydz Ea.e)

Scomm

where S, describes the ambient environment, S, the agent configuration (vehicle type, sensor suite,
dynamic state), and S.,mm the communication context, with fony, figent and feomm denoting the corresponding
probability density functions.

In order to ensure the accuracy of the parameterization of internal and external sensors, all sensors were

checked before use. In order to ensure the accuracy of the sensors, a system-level calibration procedure has
also been established. The sensor model includes resolution, field of view, update rate, and noise covariance.

Zsens (£) = W[ Ares) Orovs Wrate (), Ono] Eq.(9)
Here, 1., quantifies spatial/temporal resolution, 6;,, the field of view, w4 (t) the temporal sampling rate
(possibly time-varying), and §,,, summarizes the composite noise envelope.
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Evaluation Metrics, Labeling and Procedures

The accuracy of the system, the accuracy of semantic segmentation, and the spatiotemporal consistency will be
empirically validated using a high-quality multi-level evaluation and annotation system. All the ground truth
labels were created by human experts and a semi-automated annotation framework. The framework is
synchronized between vehicles and regularly evaluates the consistency among reviewers. In order to ensure a
fair comparison, the results of all algorithms have been mapped to a unified spatiotemporal semantic reference
grid, which complies with the global standard performance metric system.

The following are the formulas for the basic detection metrics of recall, precision, and F-measure:

apPr TP TP

My =2 X —L28 wh S N —
det a + B e e = pprrp PR = T e Eq.(10)

Where TP, FP and FN indicate the true positive, false positive, and false negative detections, respectively,
aggregated over multi-vehicle, multi-frame sequences.

Strictly ensure the validity of data during the acquisition and fusion process to guaranty the accuracy of input
signals and algorithm results. Formal validity assessment is based on cumulative error and temporal consistency
constraints:

vchcck(t) = g(lAsync(t)| < €clocks |8crr(t)| < Emax) Eq.(11)

where Ay (t) is the inter-sensor synchronization offset, 8, (t) denotes instantaneous measurement deviation,
and €gock » Emax are strict operational thresholds for timestamp and amplitude errors, respectively.

In order to address various operational edge cases, the experimental workflow systematically includes random
scene generation, multi-agent labeling, cross-validation folds, and multi-site deployment. The error intervals of
all observed values are calculated, and the reference real trajectory is used for time series matching and spatial
alignment.

Fusion Algorithm Empirical Analysis

The fusion algorithm will be deployed in phases on the aforementioned platform, including online and offline.
In the offline phase, recorded sensor streams are replayed for batch statistical analysis, while in the online phase,
multimodal data is transmitted from numerous interconnected vehicles through random driving tasks and
scripted streaming. The evaluation used aggregated detection scores and fusion results, with a particular focus
on edge cases where some sensors drop out or there are sudden environmental changes.

A new effectiveness metric has been proposed to evaluate the progress of general fusion in terms of
environmental knowledge compared to all single-sensor baselines. Weighted detection, uncertainty
propagation, and error reduction are the three sub-models:
gfusc — ?:1 Gi- [nAacc,i - nunc,i] Eq.(12)
j=1 Xj
where ¢; adjusts for scenario-specific saliency, A,..; is the accuracy differential for task i, 7,,,,.; the associated
uncertainty, and y; normalizes by resource intensity.

Although the delay is theoretically bounded and empirically validated, it is necessary for practical applications.
Described as follows:

elat = m?X{Tcomm(t) + Tproc (t) + fsched(t)} Eq(13)
Here, Tcomm is the communication delay, 7, the local fusion processing time, and &;,eq the system scheduling
overhead at instant .

A dynamic evaluation index that takes into account the impact of various adversarial and stochastic disruptions
demonstrates robustness and stability:

T
:Rstab =0 <f Ksuce (t) dt' irtlfsdegrad(t)' Jcross (T)> Eq(14)
0
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with kg (t) the real-time fusion success rate, Syegraq () the minimum detected degradation, and Jcss(T) the
cross-episode performance jump at the total observation interval T.

Under any circumstances, a validated universal sensor fusion system should have high-fidelity perception and
low latency, and operate stably under multiple sensor failures or adverse weather conditions. The proposed
architectural design and algorithmic strategies have high feasibility in building large-scale, reliable cooperative
perception systems for connected vehicles.

Result Analysis and Discussion

System-Level Performance and Benchmarking

The evaluation of the general fusion architecture conducted in urban, highway, tunnel, rainy, and nighttime
environments indicates that the system possesses extremely high stability and accuracy. As shown in Figure 3(a),
under good weather conditions, the accuracy of nighttime object recognition still exceeds 92.5%. The accuracy
rate for more complex environmental issues such as tunnels is 88.1%; the complexity of rainy days and nighttime
causes the accuracy rates to drop to 83.7% and 86.2%, respectively. The stability of environmental changes
indicates that the entire system is well-designed.

1000 (a) Object Detection Accuracy by Scenario 1000 (b) Recall and Precision by Category
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Figure 3. Overall Perception Performance: (a) Detection accuracy by scenario; (b) Recall and precision by class; (c) Sensor contribution to
fusion; (d) Fusion methods comparison.

Figure 3(b) shows the recall and precision rates for all categories of vehicles. The recall rate for passenger cars
is 95.3%, with a precision rate of 94.2%, followed by trucks. The recall rate for vulnerable road users (cyclists
and pedestrians) is 89.2%, with precision slightly below 88%. The system is still capable of detecting and
recognizing complex objects and supports multiple input sources [26].
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Figure 3(c) shows the other parts of the sensor. LiDAR has spatial accuracy, with an accuracy rate of 85.6%.
Detection based on cameras can more clearly distinguish between different types, but the accuracy drops to
83.1% due to reduced visibility. Radar has an accuracy of about 77% in dense environments and can accurately
determine the distance to objects. Fusion is generally better than a single sensor; when using adaptive methods,
the combined accuracy of all sensors is about 11% higher than that of the best single sensor system.

Figure 3(d) shows the comparison results of the fusion algorithms. Compared to early feature-level fusion and
late decision-level fusion, the adaptive strategy adjusts sensor weights based on environmental changes to
achieve the best detection accuracy among all methods. Context-based dynamic adaptation is more suitable for
sudden changes or partial occlusions than fixed aggregation [27].

Further study the system's behavior under adverse conditions by combining and excluding baseline comparisons.
As shown in Figure 4(a), when sensor noise increases, the accuracy of the general fusion model remains within
5% at high disturbance levels. The accuracy of non-fusion methods significantly decreases after moderate noise,
dropping below 60% in the worst case. Figure 4(b) shows the robustness to missing data. In the case of a sensor
dropout rate of up to 30%, the fusion method can still maintain a median detection rate of over 89.4%. In
contrast, the fusion system performed poorly under the same loss conditions [28]. Figure 4(c) shows the
statistical significance of the aforementioned advantages. The improvements are consistent, stable, and show
significant increases across all test domains.

The above findings indicate that the general adaptive fusion method has higher practical accuracy and typical

fault mode stability. Suitable for use in safety-critical applications with multimodal heterogeneous sensor
systems [29].
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Figure 4. Fusion vs. Non-Fusion Baselines: (a) Performance under noise; (b) Robustness with missing data; (c) Statistical significance of
improvement.
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Robustness, Scalability, and Resource Efficiency

Figure 5(a) shows the robustness of the system under increasingly severe fault conditions. For example, even in
the event of a sensor failure, the detection rate remains at 97.2%. When at least two sensors are offline, the
durability exceeds 91%. When multiple primary sensors fail simultaneously, the durability is only 80%. The
findings indicate that the quantitative safety margin provided by system-level redundancy [30].

Figure 5(b) depicts the real-time response capability under work pressure. The end-to-end system latency
increased from the baseline of 63 milliseconds to 85 milliseconds, with the maximum latency reaching 132
milliseconds when vehicle and network loads doubled, and remaining at 132 milliseconds when the baseline
traffic tripled. Although the perception accuracy slightly decreased, it can still be demonstrated that high-load
bottlenecks can be overcome through good queue management and edge computing technologies [31].

Figure 5(c) shows the effectiveness of anomaly and outlier detection. The true positive rate of anomaly detection
exceeds 88%, and the false positive rate is below 4%; by introducing sensor fusion and cross-validation, even in
real-life scenarios with increased complexity, false triggers can be reduced.

100 (a) Failure Scenario Detection Rate 250 (b) Real-Time Responsiveness Under Stress
225
90
200
3 i
& 80 \E; 175
(V]
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Figure 5. Robustness and Fault Tolerance: (a) Detection rate with sensor faults; (b) System latency under stress; (c) Anomaly detection
performance.

Figure 6 shows scalability and system performance. The following are the quantitative data for each operational
dimension: As shown in Figure 6(a), in the fields of perception and artificial intelligence, resource allocation is
mainly concentrated in the fields of perception and artificial intelligence. Among them, Al accounts for 40% of
the total GPU usage, while perception accounts for 24%,; at the same time, the CPU load for Al (31%) and network
(22%) parts is relatively high. The RAM of the Al module is relatively small, with a maximum of 12 GB. Since the
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proportion of the three resources used by the backend and planning departments across all areas is only 10%,
the demand for computing is not high [32].

Figure 6(b) depicts the characteristics of perception error. Sensor noise accounts for 25.8% of the total error,
while object overlap (21.7%) and fusion delay (16.1%) are also relatively small. The remaining proportion is made
up of data loss (13.5%), calibration drift (12.2%), and blurriness (10.7%). The total error of sensors and objects
accounts for nearly half of all faults, making up 47.5% of all faults. High-quality sensors and rapid data collection
are needed.

The computation resource utilisation for vehicle connectivity is nonlinearly proportional to this, as Figure 6(c)
illustrates. Both CPU and GPU use are under 60, and the group size is 32 or fewer. The CPU consumption will be
around 83 units, the GPU utilisation will reach 127 units, and the RAM requirements will climb from 4GB to 29GB
when the number of vehicles is increased to 128. This suggests that resource demand is rapidly increasing
beyond two dozen vehicles, particularly as fusion frequency and scheduling get more intense [33].

Figure 6(d) shows the different bandwidth shapes used under six different operating conditions. Early fusion
requires the maximum bandwidth, reaching 95 Mbps under "peak" conditions; adaptive fusion only requires 68
Mbps, while the baseline only requires 54 Mbps. Adaptive fusion keeps bandwidth consumption at 70 Mbps or
lower in any environment, even reaching 40 Mbps under "highway" conditions, reducing the maximum peak
load by 61% compared to static solutions. As the scale and complexity of vehicular networks increase, the
advantages of context-aware adaptive data transmission become increasingly apparent.

The aforementioned multidimensional results indicate that structural flexibility, resource allocation, and system
robustness are interdependent. The main obstacle is that many sensors and communication paths
simultaneously encounter significant issues or failures. Redundancy, scheduling, and adaptive management can
mitigate these risks to maintain the good performance of urban and fleet applications in the real world [34].
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Figure 6. Scalability and Load Analysis: (a) Accuracy vs. vehicle number; (b) Throughput vs. fusion frequency; (c) Resource usage scaling; (d)
Bandwidth consumption of fusion strategies.
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In-depth Discussion and Real-world Implications

As shown in Figure 7(a), the end-to-end perception pipeline delay for each stage is as follows. During peak traffic
periods, the average delay for the perception phase is 14 milliseconds, while the average delay for baseline
communication is 21 milliseconds. The fluctuation range of fusion processing varies from an average of 17
milliseconds to a maximum of 28 milliseconds, exceeding 38 milliseconds in some complex situations. The 16-
millisecond high-level decision module, as well as the 11-millisecond and 13-millisecond post-processing and
rendering modules. Quantitative results indicate that the communication stack and compute-intensive fusion
algorithms cause delays. In order to meet security requirements and achieve low-latency operations, urban
deployments require high-speed communication systems and parallelized fusion strategies.

As shown in Figure 7(b), delays exceeding 140 milliseconds occasionally occur during certain queue overflow or
congestion fusion phases. It is believed that modular pipeline scaling and smarter cross-layer collaboration will
further optimize performance in the future, as dynamic scheduling based on sensitivity analysis and targeted
data pruning are expected to reduce bottlenecks by over 25% [35].

Figure 7(c) depicts the actual operation of the logistics and fleet pilot project. Due to the average detection
accuracy of urban vehicle groups exceeding 90% and decision delays being less than 112 milliseconds, navigation
in urban areas is normal. In high-density dynamic loading and unloading areas, mixed logistics achieved a
reliability of 93.3%. Insufficient calibration accuracy is a persistent operational issue; when the network or sensor
health declines, there is a lack of infrastructure cooperation and backup mechanisms.
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Figure 7. Latency and Resource Usage: (a) Module-wise perception latency; (b) Bottleneck delay analysis; (c) Real-world deployment
results.

The universal fusion system can achieve reliability and robustness in network-scale perception within modern
urban traffic and logistics environments. More suitable for practical applications, because it is a multi-layered

263



Universal Sensor Fusion Architecture for Cooperative Perception in Intelligent Connected Vehicles
https://doi.org/10.64972/jaat.2025v3.207p19e:252-266

structure that can adapt to changing weather and heavy traffic. Next, we will discuss the aspects of optimization.
These include deeper parallel processing, better context-aware resource management, and stronger
adaptability to changing traffic and fault patterns. The aforementioned experiments laid the foundation for
applying large-scale collaborative perception systems in intelligent mobility platforms.

Conclusion

This paper proposes a fusion architecture based on general sensors to address the key issues of collaborative
perception in intelligent connected vehicles. The multimodal perception data from different sensors can be
standardized through a protocol-independent modular structure. Then, the system uses abstract and adaptive
distributed fusion to achieve integration. The aforementioned method has been tested in urban areas, highways,
and adverse weather conditions. According to quantitative analysis, the new system has achieved over 92%
excellent detection accuracy. Even in the case of network fluctuations, sensor dropouts, or changes in road
conditions, it can still maintain stable perception. The core of the adaptive algorithm can dynamically adjust the
sensor fusion and weighting strategies in real-time to ensure high perception accuracy, even as operational
complexity increases. Resource allocation analysis indicates that the integration of edge-cloud collaboration and
context-aware data management can maintain a low-latency system, and the end-to-end latency remains within
a safety-critical range, even during high traffic or heavy load periods.

In addition to the aforementioned advantages, this architecture offers higher modularity and interoperability in
the deployment of large-scale multi-brand fleets. Using a standard abstraction layer allows for the rapid
integration of new sensors and vehicle types, and the closed-loop feedback mechanism continuously adjusts the
fusion parameters based on algorithmic and environmental changes. Compared to previous methods,
experiments showed better anomaly detection, fewer perception failures, and fewer bottleneck issues. The
aforementioned progress indicates that this architecture has promising prospects in providing various services
(such as object detection and path planning) within intelligent transportation systems, laying the foundation for
the next generation of collaborative automated travel. These services can support resources and can be flexibly
adjusted.

There are still some issues that need further research. Enhance system scalability and robustness to address
network interruptions, sensor failures, and calibration drift in large-scale and infrastructure-poor environments.
To reduce latency and improve throughput, the next two steps will be to enhance the parallelism of the fusion
algorithms and optimize dynamic resource allocation. Comprehensive field tests will be conducted to provide
clear network security guaranties and open interoperability standards. Transitioning from experimental
platforms to the architecture proposed for large-scale application in the ever-evolving connected vehicle
ecosystem.
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