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Abstract: Millimeter-wave (mmWave) radar has become an important sensing technology for intelligent transportation, urban traffic
management, perimeter security, and industrial automation because of its robustness under low illumination, rain, fog, dust, and other adverse
conditions. However, most existing studies focus on single-domain optimization, while limited attention has been paid to how radar-vision fusion
frameworks should be adapted under heterogeneous deployment constraints such as tunnel multipath, dense urban occlusions, security false
alarms, and industrial latency requirements. This study proposes a domain-adaptive radar-vision fusion framework integrating spatiotemporal
calibration, adaptive constant false alarm rate (CFAR) processing, and joint probabilistic data association (JPDA)-based multi-target tracking. The
framework is validated through field deployments on the Nanning and Qinzhou sections of the G75 Lanzhou-Haikou (Lanhai) Expressway and the
Fenghuang No. 1 and No. 2 tunnels on the Laibin-Du’an section of the Hezhou-Bama (Heba) Expressway in Guangxi, China, and further analyzed
through structured cross-domain extension application and analysis involving urban traffic, perimeter security, and industrial sensing. The results
show that the proposed framework achieves robust vehicle detection and trajectory continuity under low-light, exhaust-smoke, and multipath
conditions, while domain-specific hardware configurations and algorithmic thresholds are necessary to satisfy different sensing ranges, clutter
characteristics, and latency constraints. The study identifies key limitations of current 3D multiple-input multiple-output (MIMO) radar
deployments. These findings provide practical guidance for the transition toward 4D imaging radar and edge-collaborative perception

infrastructure.
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1 Introduction

In recent years, intelligent sensing technology has become a key
component of advanced monitoring, decision support, and control
systems in many fields such as transportation, urban management,
security, and industrial automation. Among many sensing techno-
logies, mmWave radar has prominent characteristics such as high
robustness, stability, and the improvement of spatial resolution
brought by 4D imaging technology [1-2]. Compared with optical
cameras, radar can penetrate fog, rain, and dust, and is insensitive
to changes in illumination, enabling continuous and reliable per-
ception in harsh environments [3]. Compared with light detection
and ranging (LiDAR), mmWave radar has advantages in low cost,
low computational load, and robust Doppler velocity estimation,
making it very suitable for infrastructure sensing deployment. Al-
though radar sensing was initially mainly used for in-vehicle func-
tions such as adaptive cruise control, blind spot monitoring, and
collision avoidance [4], improvements in machine learning-based
fusion algorithms and edge computing architectures have signific-
antly expanded the application boundaries of radar technology
[5-6]. Therefore, modern 4D imaging radar can simultaneously out-
put distance, azimuth, Doppler velocity, and elevation, generating
high-density point clouds that support target classification and tra-
jectory estimation [7].
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Based on the above analysis, it can be seen that radar sensing
now supports a variety of applications from infrastructure to enter-
prise levels. In transportation scenarios such as highways, tunnels,
and intersections, distributed radar networks can achieve vehicle
detection, event monitoring, and traffic control under adverse
weather and low-light conditions [8-10]. In addition to vehicle de-
tection and traffic event monitoring, recent studies have further ex-
tended mmWave radar sensing to road infrastructure perception,
including road marking detection, road surface/coating characteriz-
ation, and electromagnetic scattering-based recognition of lane
markings, which broadens the application scope of radar sensors in
intelligent transportation systems [11-13]. In urban traffic manage-
ment, radar is used for adaptive signal control, vulnerable road user
protection, and real-time traffic flow estimation, especially when
pure vision schemes are limited by occlusion and lighting changes
[14-15]. In security and perimeter protection systems, radar can
continuously perform intrusion detection in low-visibility environ-
ments and use video for verification and fine-grained classification
[16-17]. In industrial automation, radar assists robots in vehicle
collision avoidance or presence detection in hazardous areas and
can achieve material handling perception in dark workshops and
storage facilities [18-19]. Although different fields differ in sens-
ing distance, target density, interference sources, response time
constraints, and integration architectures, they share common re-
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quirements in high reliability, real-time performance, and environ-
mental robustness.

With the rapid advancement of autonomous intelligent percep-
tion systems, traditional 3D radar is undergoing a significant shift
toward 4D imaging radar. This transformation stems from the de-
mand for richer spatial and motion information in complex envir-
onments. Unlike conventional 3D radar, which provides only
range, azimuth, and Doppler information, 4D imaging radar adds
the height dimension. It can directly capture dense point clouds
containing object shape, elevation, and dynamic motion, thereby
significantly enhancing environmental perception capabilities
[20-21]. Research indicates that this richer representation effect-
ively improves 3D object detection performance in autonomous
driving and advanced driver assistance systems, particularly under
adverse weather and low-visibility conditions where optical sensors
degrade or fail [22]. For instance, recent studies such as RadarNeXt
and ZFusion leverage 4D mmWave radar point clouds to achieve
real-time, reliable 3D object detection and multimodal fusion.
These works demonstrate that 4D radar can achieve perception per-
formance comparable to, or complementary with, LiDAR-based
systems while offering advantages in robustness and cost effi-
ciency. Furthermore, the direct measurement of Doppler velocity
and elevation by 4D radar has promoted research in radar-based
motion perception and ego-motion estimation. Recent approaches
such as ego-velocity filtering for efficient and accurate 4D radar
odometry (EFEAR-4D) exploit Doppler measurements from 4D
radar to achieve accurate vehicle ego-velocity estimation, high-
lighting the potential of radar sensing in localization and motion
tracking tasks that were traditionally dominated by LiDAR and vis-
ion-based odometry [23-25]. From an industry perspective, 4D
imaging radar is being rapidly integrated into automotive sensing
systems, with its market penetration expected to increase signific-
antly in the coming years. This trend reflects the growing recogni-
tion of 4D radar as a foundational sensing modality for next-gener-
ation perception systems that must operate reliably across varying
lighting conditions, adverse weather, and complex urban environ-
ments.

Although 4D radar technology has seen rapid adoption, most ex-
isting research is limited to single application scenarios, typically
optimizing algorithms for highly controlled in-vehicle perception
systems or specific highway monitoring scenarios. A core chal-
lenge that remains unresolved in the academic community is the
development of a unified, scalable perception framework capable
of adapting to the heterogeneity of extreme environments, which
ranging from tunnel environments with dense multipath signals to
dynamically changing urban intersections and complex scenarios
such as low-latency industrial zones. Furthermore, traditional sys-
tems often struggle to reliably capture highly dynamic changes and
atypical anomalies under adverse conditions. There is an urgent

need for a fusion architecture that can not only detect conventional
targets but also accurately track extreme motion anomalies, such as
the serpentine steering, severe speeding, and aggressive lane-chan-
ging behaviors characteristic of hazardous or illegally modified
vehicles in dense traffic.

To address this technical gap, this paper proposes and evaluates
a domain-adaptive intelligent radar-vision fusion framework that
can be flexibly deployed across different domains. We not only
conduct a comparative performance analysis but also delve into the
fundamental adaptability limits of sensor fusion technology under
complex conditions, including varying latency constraints, clutter
interference, and dynamic target changes. The main academic con-
tributions include:

(1) This paper proposes a unified edge computing framework
that integrates spatial calibration, adaptive CFAR, and JPDA,
demonstrating how the core algorithms achieve universal applicab-
ility in highly heterogeneous environments.

(2) By leveraging continuous radar trajectory data, we achieved
reliable detection of high-risk non-standard behaviors, such as
severe speeding and aggressive steering, which are difficult for tra-
ditional optical systems to capture under adverse weather or low-
light conditions, marking a significant breakthrough in this field.

(3) Based on empirical data from the G75 Lanhai Expressway
and Fenghuang Tunnel, together with structured cross-domain ex-
tension analysis for urban traffic, perimeter security, and industrial
sensing scenarios, this study clarifies the operational boundaries
and adaptation requirements of radar-vision fusion systems under
heterogeneous deployment constraints.

2 Methods

2.1 Overall technical framework

The intelligent radar-vision perception framework proposed in
this paper is capable of adapting to heterogeneous operating envir-
onments while maintaining consistency in its core architecture. The
framework comprises four key layers: the perception layer (distrib-
uted millimeter-wave radar and high-definition cameras), the edge
processing layer (low-latency radar signal processing, multi-sensor
fusion, and event detection), the communication layer, and the ap-
plication layer. Through target detection, tracking, and classifica-
tion functions, the edge processing layer converts raw radar echoes
into structured, high-level environmental information. Its multi-
source data fusion technology with cameras significantly improves
target classification accuracy and reduces false alarm rates, mak-
ing it particularly suitable for scenarios with limited visual re-
sources and complex environmental conditions. The framework
and sensor deployment schematic are shown in Fig.1 and Fig.2, re-
spectively.
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Fig. 1

Proposed radar-vision fusion framework.
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Fig.2 Deployment schematic.

2.2 Highway and tunnel transportation

On the Nanning and Qinzhou sections of the G75 Lanhai Ex-
pressway in Guangxi, the distributed radar network is deployed at
approximately 500 m intervals on straight sections and approxim-
ately 300 m intervals on curved sections. The specific test deploy-
ment plan includes installing one test radar on the gantry at
K2085+500 on the main Lanhai Expressway and another at
K2086+170. All radars are mounted on poles or gantries at heights
of 6-8 m to achieve near-360° coverage. In the Fenghuang Tunnel
scenario on Laibin—Du’an section of the Heba Expressway, a radar-
vision fusion system combining ultra-long-range omnidirectional
mmWave radar with high-definition cameras was deployed. Ac-
cording to the actual deployment plan, a total of 7 radars were in-
stalled along this section: 4 in Fenghuang Tunnel 1 and 3 in
Fenghuang Tunnel 2. This configuration enables continuous track-
ing under low-light conditions, exhaust fumes, and multipath ef-
fects. Fig.3 and Fig.4 show the highway and tunnel deployments,
respectively.

Fig. 4 Tunnel radar real-time image.

To ensure the reproducibility of the cross-domain adaptive de-
ployment, the physical and operational parameters of the core
sensors must be explicitly defined. While different sensor models
are utilized across various domains (e.g., ultra-long-range omni-
directional mmWave radar for highway tunnels versus standard
MIMO radar for urban intersections), the underlying fusion logic
operates within these defined hardware boundary conditions.

To clarify the experimental hardware basis, the field deploy-
ments were mainly based on infrastructure-side omnidirectional
mmWave radar and radar-vision fusion units. The radar system
supports long-range vehicle detection, lane-level localization, and
multi-target tracking in highway and tunnel environments. In the
highway application data, the radar detection range can reach
1 400 m, the angular resolution is no more than 1°, the velocity ac-
curacy is 0.2 m/s, and up to 1,024 targets can be tracked simultan-
eously. The vision subsystem consists of high-definition capture
cameras, roadside tracking cameras, and night-vision cameras,
which are used for semantic verification and event confirmation. It
should be noted that the current field deployments were mainly
based on infrastructure-side omnidirectional mmWave radar; 4D
imaging radar is discussed in this paper as a next-generation tech-
nical direction rather than as the primary hardware platform evalu-
ated in the present field tests. Table 1 summarizes the sensor spe-
cifications and deployment parameters.

2.3 Spatiotemporal alignment and projection model

Assuming that the precision time protocol (PTP) synchroniza-
tion error, timestamp jitter, and alignment error are additive and
mutually uncorrelated, the total variance of the time synchroniza-
tion error, o2, is given by the sum of their individual variances.

Table 1 Sensor specifications and deployment parameters used in the highway

and tunnel field deployments.

Parameter Value/description
Radar type Infrastructure-side omnidirectional mmWave radar
Commercial infrastructure-side omnidirectional ~mm-
Radar model Wave radar unit; the exact product model is omitted due
to project confidentiality.
Detection range Up to 1 400 m
Angular resolution <1°
Velocity accuracy 0.2 m/s

Multi-target tracking capacity ~ Up to 1 024 targets

HD capture camera, roadside tracking camera, night-vis-
ion camera
6-8 m
G75 Lanhai Expressway and Fenghuang Tunnel

4D imaging radar is discussed as a future direction, not
as the main tested hardware

Vision sensors

Deployment height
Main validation scenarios

Note
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The absolute time difference between the sensor measurements
must also satisfy the allowable threshold ry:

2 _ 2 2 2 . .
Ot = 0prp + Ostamp + o-aligned’ |A1] < Tiime (O]

where, 0'12)TP’ o—gmmp, and O—gligne 4 are the variances of the PTP syn-
chronization error, timestamp jitter, and residual temporal align-
ment error, respectively. ar is the time difference between the cor-
responding radar and camera measurements after temporal align-
ment.

Regarding spatial transformation, spatial calibration aligns radar
polar coordinates with the image plane through extrinsic estima-
tion and reprojection error checks. The target position vector p, in
the radar coordinate system is computed from the measured range
r, azimuth angle ¢, and elevation angle 6. This is then transformed
into the position vector p. (X.,Y.,Z.) in the camera coordinate sys-
tem via the external parameter transformation matrix Teyme rad:

pr = [rcosgcosb, reosgsing, rsing, 117, pe = TeameradPr 2

Finally, the camera intrinsic matrix K projects the 3D coordin-
ates onto homogeneous pixel coordinates (u,v,w):

(v, w]" = K[Xe, Y. Z1T ! = ufw, V' = v/w (©)

After normalization, the final pixel coordinates »’ and v/ on the

image plane are obtained, achieving consistent association between
radar measurements and camera pixels.

2.4 Robust multi-target tracking and data association

In complex environments such as urban intersections and tun-
nels, systems must cope with frequent occlusions, roadside clutter,
and multipath reflections. To maintain trajectory continuity and
suppress false detections under these challenging conditions, the
fused detections are passed to a multi-target tracking module that
employs Kalman filtering and JPDA. In this multi-object tracking
module, xy,_; denotes the predicted state vector at time step &, de-
rived from the previous time step via the state transition matrix F.
Meanwhile, Py, and Q are the predicted error covariance matrix
and the process noise covariance matrix, respectively:

X1 = Fxi_1po1, Prpet = FPe_ipo FT +Q 4)

The update step utilizes the Kalman gain K, observation matrix
H, measurement noise covariance R, and actual measurement z to
compute the updated state estimate xy:

K =Py (H' (HPy_ H" +R)™ ®)

Xk = Xip—1 + K(z = Hxp—1) (6)

Regarding data association, 42, is the squared Mahalanobis dis-
tance between the measurement and prediction, which is compared
against the threshold 7 to exclude outliers. Here, S is the new in-
formation covariance matrix:

d2 =(z-Hx)'S'(z-Hx)<7, S= HPy1H" +R %)

For probabilistic data association (PDA), g; is the association
probability weight for the j-th measurement. This weight is com-
puted based on the Gaussian probability density function N and the
normalization constant (or clutter density) c;:

5= cjN(zj; Hx,S) ®
DNz Hx, S)

i

where, z; is the j-th candidate measurement vector within the valid-
ation gate; x is the predicted state vector of the track under consid-
eration; Hx is the predicted measurement vector in the measure-
ment space.

3 Results

3.1 Implementation in highway and tunnel infrastructures

In highway and tunnel deployments, the primary challenge is
maintaining continuous tracking under low illumination, exhaust
smoke, and multipath effects. The system's determination of traffic
events is based on strict kinematic criteria. For instance, wrong-
way detection is triggered when the angle between the target tra-
jectory vector and the predefined lane direction exceeds 160°. Con-
gestion events are identified based on speed thresholds and sus-
tained monitoring. Emergency lane encroachment is identified by
detecting intersections between radar trajectory coordinates and
predefined shoulder regions of interest (ROIs), which effectively
filters out false positives caused by brief lane crossings. Radar net-
works were deployed along the G75 Lanhai Expressway and in the
Fenghuang Tunnel, covering daytime, nighttime, and adverse
weather conditions. Table 2 presents the detection performance un-
der the different testing conditions.

During three months of continuous operation encompassing over
12 000 traffic events, the average event detection time was about
5 s, approximately 40% faster than pure camera systems. In the
Fenghuang Tunnel, the classification accuracy of maintenance
vehicles utilizing radar-vision fusion reached 92.4%, and the track-
ing continuity of vehicles from entrance to exit under low-light and
exhaust-smoke conditions reached 96.5%.

3.2 Trajectory tracking in complex highway and interchange traffic flows

Complex highway sections and interchange-like traffic areas dif-
fer significantly from standard straight highway corridors in object
density, motion patterns, and environmental clutter. This subsec-
tion uses the G75 Lanhai Expressway and Hebai Expressway field
data to evaluate tracking and event-recognition performance under
dense and maneuvering traffic conditions, while urban intersec-
tions are discussed as an extension scenario rather than a directly
validated field deployment.

The discrepancies between radar detections and video-based
ground-truth counts in Table 3 mainly arise from four sources.
First, short-duration occlusions caused by heavy vehicles or road-
side facilities may lead to temporary track fragmentation in radar
trajectories. Second, low-speed parking and slow-driving events
sometimes exhibit ambiguous temporal boundaries, resulting in
slight differences between radar-triggered events and video annota-
tions. Third, multipath reflections in curved or confined road sec-
tions may generate candidate points that are subsequently removed
by the JPDA gating strategy, reducing false alarms but occasion-
ally suppressing weak valid targets. Finally, video comparison res-
ults are also affected by illumination variation and manual annota-
tion uncertainty. Therefore, the accuracy values in Table 3 should
be interpreted as event-level agreement rates rather than frame-
level detection accuracy.

Radar is especially advantageous during nighttime and adverse
weather, where camera-only systems struggle. Radar-based queue
length estimation and pedestrian detection enable adaptive signal
control strategies that reduce vehicle delays and improve safety at

Table 2 Highway and tunnel radar detection performance.

Heavy vehicle detection rate (%)

False alarm rate (%) Average incident detection time (s)

Condition Passenger car detection rate (%)
Daytime (Clear) 98.50 97.80
Nighttime 97.80 96.30
Heavy rain / fog 95.20 93.70

<5 5.1
<5 54
<5 5.6
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Table 3 Typical performance of intelligent radar sensing in complex highway and interchange-like traffic scenarios.

G75 Lanhai expressway

Hebai expressway laibin to Du'an section

No. Category
Radar-detected count Video-based reference Count Accuracy rate Radar detection Video comparison Accuracy rate (%)
1 Parking 89 92 96.74% 313 318 98.43
2 Wrong-way driving 4 4 4/4
3 Slow driving 101 106 95.28
4 Pedestrian 3 3 3/3 219 221 99.09
5 Solid line lane change 34 35 97.14
intersections. However, urban deployments face challenges related tecture.

to occlusions from buildings and parked vehicles, as well as the
need for advanced data association to track multiple targets simul-
taneously.

3.3 Extension analysis for perimeter security applications

Perimeter security is treated in this study as a cross-domain ex-
tension scenario rather than a field deployment with the same val-
idation depth as the highway and tunnel cases. In perimeter secur-
ity applications, radar penetrates vegetation and low-visibility en-
vironments as the primary motion detector. The dominant con-
straint in this domain is maintaining an ultra-low False Positives
Per Hour (FPPH) amidst severe environmental clutter. By dynam-
ically adjusting the cell-averaging constant false alarm rate (CA-
CFAR) threshold y and utilizing cameras exclusively for intrusion
verification, the system suppresses false alarms caused by animals
or weather. Table 4 summarizes radar performance in perimeter
monitoring scenarios.

3.4 Extension analysis for industrial sensing applications

Industrial sensing is also discussed as an extension scenario to
analyze how the proposed radar-vision fusion framework may be
adapted to short-range, low-latency environments. Unlike the high-
way and tunnel deployments, industrial logistics environments are
mainly constrained by dust, variable lighting, metallic structures,
and strict response-time requirements. Therefore, short-range and
lightweight processing pipelines are favored to meet real-time
safety monitoring requirements for moving robots, forklifts, or
automated guided vehicles (AGVs). Table 5 summarizes the re-
quirements and adaptation targets for industrial radar sensing.

3.5 Summary of cross-domain performance

To provide a consolidated view, Table 6 summarizes the primary
field-validated transportation scenarios and the extension scenarios
analyzed in this study. The highway and tunnel results provide the
empirical basis, while urban traffic, perimeter security, and indus-
trial sensing are discussed to clarify how the shared radar-vision fu-
sion framework should be adapted under different sensing ranges,
clutter characteristics, and latency constraints.

Practically, spacing and mounting geometry govern coverage re-
liability in transportation corridors, while adaptive CFAR/clutter-
map tuning governs FPPH in security. Short-range, lightweight
pipelines are favored in industrial cells. These differences motivate
domain-aware parameter presets atop a shared fusion-centric archi-

Table 4 Radar performance in smart security and perimeter monitoring scenarios.

Metric Typical performance
150-200
1-3
24/7 (independent of lighting)
High accuracy when fused with video

Detection range (m)
False alarm rate (with fusion) (%)
Operational uptime
Intrusion classification

4 Discussion

4.1 Cross-domain adaptation mechanisms and physical constraints

A central thesis of this work is that a unified perception frame-
work cannot utilize identical hardware configurations or al-
gorithmic thresholds across diverse fields. The highway and tunnel
deployments, together with the cross-domain extension analysis,
reveal that sensor adaptation is fundamentally bounded by the
physical properties of the operating environments. In highway and
tunnel corridors, the dielectric properties of the infrastructure (e.g.,
concrete walls and metallic signage) dictate the sensor configura-
tion. Long-range continuous tracking necessitates narrow-beam
radar arrays where spacing d is tightly constrained by the effective
detection radius R.g. Conversely, in urban and industrial domains,
the challenge shifts from range maximization to handling dense
spatial clutter. Here, the framework’s adaptability relies on adjust-
ing the CA-CFAR background clutter map and lowering the coher-
ent processing interval (Tcp;) to prioritize latency and wide-angle
coverage over absolute detection range. Therefore, varying the
sensor hardware across these domains is not a methodological in-
consistency, but a requisite systemic adaptation to heterogeneous
physical constraints.

4.2 Performance trade-offs in radar-vision fusion

The integration of mmWave radar and optical sensors intro-
duces inherent trade-offs between computational latency, associ-
ation accuracy, and environmental robustness. While optical cam-
eras provide rich semantic details crucial for fine-grained classific-
ation (e.g., distinguishing between a pedestrian and a similarly
sized metallic obstacle), their performance degrades non-linearly
under poor illumination or atmospheric scattering (fog, heavy rain).
Radar compensates for this by providing illumination-independent
kinematic state estimations (range, radial velocity). However, our
deployment demonstrates that relying on late-stage fusion at the
edge computing layer requires strict spatiotemporal synchroniza-
tion. In potential urban extension scenarios, computing the JPDA
matrices for dozens of overlapping targets significantly increases
the computational load. The system must frequently trade off
between maintaining the probabilistic tracking trees for occluded

Table 5 Typical requirements and adaptation targets for industrial radar sensing.

L Detection range ~ Latency .
Application Reported impact
pp (m) (ms) D p
Forklift / Up to 30% reduction in
<
AGYV collision avoidance 30-50 100 collision incidents
) Ha@rdous zone 40-60 <150 High rellablllty in dusty/
intrusion detection dark conditions
Mobile robot navigation 20-40 Low Enables obstacle detection in

variable environments

Table 6 Cross-domain summary of radar sensing performance and characteristics.

Key advantages Main challenges

Domain Primary targets Typical range (m)  Typical performance (%)
Highways & Tunnels Vehicles, Incidents 100-250 >95
Urban Traffic Vehicles, Pedestrians 50-150 >90
Security Intruders (human/vehicle) 150-200 >90 (fused)
Industrial Vehicles, Humans 20-60 >90

All-weather reliability, fast response
Night & weather robustness, fusion boost
Low false alarms, 24/7 operation

Multipath in tunnels, coverage planning
Occlusions, dense traffic
Vegetation clutter, threshold tuning

Dust/light immunity, fast reaction Harsh environments, latency constraints
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targets and meeting the strict latency requirements (e.g., < 100 ms
in industrial collision avoidance). This highlights that cross-do-
main fusion is not merely an algorithmic overlay, but an active bal-
ancing of edge computing resources against environmental com-
plexity

The field results support this trade-off analysis. In the G75 Lan-
hai Expressway case, the system processed more than 12,000
traffic events from July to September 2024, with a false alarm rate
below 5%. At the K2085+500 section, a parking event could trig-
ger voice warning and variable message sign notification within 5
s, improving response efficiency by approximately 40% compared
with traditional systems. In the Fenghuang Tunnel case, the recog-
nition accuracy of construction or maintenance vehicles reached
92.4%, and the target ID continuity between tunnel entrance and
exit reached 96.5%. These results indicate that radar contributes
stable kinematic perception and trajectory continuity, while vision
improves semantic confirmation and event interpretation.

4.3 Empirical failure modes and systemic limitations

Despite the overall robustness of the proposed framework, the
highway and tunnel field deployments revealed several practical
vulnerabilities that should be considered when extending the
framework to other domains. First, multipath interference in con-
fined metallic environments remains a severe limitation for stand-
ard 3D MIMO radars. In the Fenghuang Tunnel deployment, spec-
ular reflections from the curved tunnel walls and large truck bod-
ies occasionally generated persistent “ghost targets” with valid
Doppler signatures. While our framework mitigated this by tighten-
ing the Mahalanobis distance threshold 7 in the JPDA module, true
resolution of this issue requires hardware-level elevation filtering.
Second, physical obstruction causes trajectory fragmentation. In
the K2083+700 section, heavy-vehicle occlusion led to false detec-
tions of small vehicles, with the false detection rate reaching ap-
proximately 12%. This indicates that dense heavy-vehicle traffic
may affect the stability of target association and ID continuity.
Third, adverse weather and ground clutter remain important
sources of false targets. In the highway application data, adaptive
power modulation was used to maintain an effective detection
range of approximately 1000 m under rainy or snowy conditions,
while CFAR-based clutter suppression improved the radar signal-to-
noise ratio by approximately 25 dB. Fourth, cross-sensor synchron-
ization errors may degrade radar-vision association accuracy. The
synchronization error was reduced from 15 ms to 5 ms after optim-
ization, improving the alignment between radar and video data.
These empirical observations show that occlusion handling, clutter
suppression, and precise synchronization are essential for robust
radar-vision fusion.

4.4 Perspectives for next-generation perception infrastructure

The limitations observed in the highway and tunnel deploy-
ments provide clear directions for next-generation perception infra-
structure. First, elevation-resolved 4D imaging radar may help sup-
press tunnel multipath effects and improve static-obstacle classific-
ation by providing denser point clouds and height information.
Second, multi-radar cooperative tracking and V2X-assisted traject-
ory recovery should be explored to mitigate heavy-vehicle occlu-
sion and target fragmentation. Third, weather-aware CFAR
thresholding and adaptive power control should be further de-
veloped to reduce false targets under rain, fog, and ground-clutter
interference. Finally, more accurate radar-video synchronization
mechanisms are needed to improve cross-sensor association in high-
speed traffic environments.

Furthermore, future cross-domain frameworks should integrate
Al-enhanced, cross-modal learning algorithms capable of dynamic-
ally adjusting CFAR thresholds and fusion weights based on real-
time environmental context (e.g., automatically shifting reliance to
radar when the camera detects lens glare or fog). Finally, integrat-

ing these distributed edge-sensing networks with Vehicle-to-
Everything (V2X) and industrial [oT backbones will evolve the
current localized perception paradigms into collaborative, wide-
area situational awareness systems, forming the true foundation of
next-generation intelligent infrastructures.

5 Conclusion

This study proposed a domain-adaptive radar-vision fusion
framework for infrastructure-side intelligent perception, integrat-
ing spatiotemporal calibration, adaptive CFAR processing, and JP-
DA-based multi-target tracking. The framework was primarily val-
idated through field deployments on the G75 Lanhai Expressway
and Fenghuang Tunnel in Guangxi, China. The results demon-
strate that radar-vision fusion can maintain reliable vehicle detec-
tion, incident recognition, and trajectory continuity under low illu-
mination, exhaust smoke, adverse weather, and tunnel multipath
conditions.

The field results further show that radar-based perception sys-
tems are strongly constrained by scenario-specific physical and op-
erational conditions. Highway and tunnel scenarios require long-
range coverage, careful mounting geometry, and multipath sup-
pression. When the framework is extended to urban traffic, peri-
meter security, and industrial sensing, the dominant constraints
shift toward dense-target association, false-alarm suppression, and
low-latency near-field response. Therefore, a shared algorithmic
framework should be combined with domain-specific hardware
configurations and parameter presets.

Several limitations remain. The most detailed validation data in
this study were obtained from highway and tunnel scenarios, while
urban traffic, perimeter security, and industrial sensing were ana-
lyzed as structured extension cases. In addition, current infrastruc-
ture-side 3D MIMO or omnidirectional millimeter-wave radar de-
ployments may still suffer from multipath-induced ghost targets,
heavy-vehicle occlusion, adverse-weather clutter, and radar-video
synchronization errors. Future work will focus on field validation
with 4D imaging radar, weather-aware CFAR thresholding, multi-
radar cooperative tracking, V2X-assisted trajectory recovery, and
lightweight edge computing for low-latency extension scenarios.
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