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Abstract

Infrastructure-based autonomous perception operates under fundamentally different constraints than vehicle-mounted systems:
elevated-mounting geometries producing depression-angle-dependent sparse point clouds, a 12.95 W IEEE 802.3af Power-over-
Ethernet (PoE) power ceiling, and distributed asynchronous sensing governed by IEEE 1588v2 precision time protocol (PTP)
synchronization uncertainty. Existing automotive radar—-LiDAR fusion frameworks assume abundant power, dense sensing,
and synchronous measurements — assumptions that all fail in fixed infrastructure deployments. This paper presents
XADAR, an uncertainty-aware multi-modal fusion framework designed for these infrastructure-specific constraints. XADAR
makes three princi-pal contributions: (1) a covariance inflation mechanism that propagates PTP synchronization uncertainty
continuously through the fusion pipeline, replacing hard synchronization thresholds with a smooth degradation curve proportional to
temporal offset; (2) adap-tive sensor-specific fusion weights derived from modality covariance matrices that account for
IWR6843 77 GHz FMCW radar Doppler ambiguity and ground-reflection multipath, and TFS20-L ToF LiDAR atmospheric
scattering and range-zone limitations; and (3) a complete reproducible architecture including an IEEE 802.3af-compliant power
budget (5.78 W maximum concurrent load; 41.6% PoE safety margin), quantitative 77 GHz propagation analysis based on ITU-R
P.676-12 and P.838-3 (10.7 dB fade margin at 100 m under 50 mm/hr rain), and an MIL-STD-1629 FMEA covering twelve failure
modes with severity classifications. A structured five-stage validation pathway from synthetic temporal-offset experiments to six-
month field trials is defined for future empirical work.

Keywords: Multi-sensor fusion; Radar-LiDAR fusion; Uncertainty quantification; Covariance inflation; Power-over-
Ethernet; IEEE 1588v2 precision time protocol; Smart infrastructure perception; 77 GHz FMCW radar

1 Introduction

1.1 Infrastructure Perception Constraints

Autonomous vehicle perception has matured through extensive vehicle-centric multi-modal fusion research [1-3]. These systems
optimize for forward-facing geometry with depression angles between 0-30°, dense LiDAR point clouds providing 100-200+ points
per target, abundant power budgets at kilowatt scale, and centralized on-vehicle processing with direct sensor-actuator integration.
Infrastructure-based perception for smart cities [4], autonomous intersection management [5], and traffic monitoring operates under
inverted constraints that fundamentally alter the perception problem. Top-down observation from elevated mounting points at 5-15 m
produces depression angles of 45-60°. This oblique viewing geometry creates sparse and irregular point distributions with range-
dependent density variation that differs substantially from automotive forward-facing assumptions. The geometric inversion affects
not only point density but also occlusion patterns, object aspect ratios, and the validity of ground plane assumptions commonly
employed in automotive perception. Power constraints represent another fundamental inversion. IEEE 802.3af Power over Ethernet
[6] limits each sensor node to 12.95 W maximum, representing approximately two orders of magnitude reduction from complete
autonomous-vehicle sensor-plus-compute platforms operating in the kilowatt range. This constraint mandates careful power-aware
sensor scheduling and hardware selection. The processing architecture also inverts from centralized to distributed, where
microcontrollers buffer sensor data while centralized GPUs perform inference, requiring explicit synchronization mechanisms for
multi-node coordination. The sparsity regime created by infrastructure viewing geometry yields point cloud densities substantially
lower than automotive baselines, creating distinct algorith-mic challenges for feature extraction and object detection.
Recent infrastructure datasets including InfraDet3D [7], InScope [8], and TUMTraf V2X [9] advance annotation and benchmark-
ing capabilities. However, theoretical fusion frameworks that simultaneously address uncertainty quantification under asynchronous
measurements, power-constrained hardware specifications, and systematic reliability engineering remain gaps in published literature.
Figure 1 illustrates the XADAR distributed architecture addressing these challenges.
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Figure 1. XADAR distributed architecture. Three IEEE 802.3af PoE-powered edge nodes — each with a TI IWR6843 77 GHz

FMCW radar and a Benewake TFS20-L ToF LiDAR within a 5.78 W maximum power budget — connect via an IEEE 1588v2 PTP-

synchronised managed network to a dual-GPU central fusion server. Arrows show the timestamped measurement data flow entering
the uncertainty-aware Kalman fusion pipeline.

1.2 Theoretical and Architectural Contributions

XADAR targets the Fusion: Practice and Applications scope of grounded, deployable fusion systems: theoretical algorithms
are paired with a complete hardware specification r eproducible from p ublic d atasheets and e stablished s tandards (IEEE 802.3af,
IEEE 1588v2, MIL-STD-1629). To the best of our knowledge, XADAR is the first framework to jointly address uncertainty-aware
radar-LiDAR sensor fusion, Power-over-Ethernet hardware constraints, IEEE 1588v2 asynchronous synchronization tolerance, and
systematic reliability engineering within a single infrastructure perception system.

XADAR makes three principal contributions:

(1) Covariance inflation for temporal uncertainty propagation. A formal mechanism propagates IEEE 1588v2 synchronization
uncertainty through the multi-modal fusion pipeline. Rather than imposing a hard synchronization threshold that creates binary
hand-off failures, the mechanism inflates measurement covariance in proportion to temporal offset magnitude, enabling graceful
degradation. Uncertainty propagation accounts for radar Doppler ambiguity and multipath under oblique infrastructure geometry,
LiDAR atmospheric scattering at 905 nm, temporal misalignment, and geometric projection uncertainty from depression-angle
variation.

(2) Adaptive sensor-specific fusion weights. Fusion weights update dynamically from modality-specific covariance matrices. The
IWR6843 77 GHz FMCW radar provides precise Doppler velocity but is susceptible to ground-reflection multipath [29]; the
TFS20-L ToF LiDAR offers 2 cm ranging precision in its 0-20 m close-range zone [30] but degrades under high ambient illumi-
nation. Adaptive weighting extracts maximum information under varying conditions without manual threshold tuning.

(3) Reproducible PoE-constrained architecture with reliability engineering. The complete specification includes IEEE 802.3-
2022 power budgets with a corrected maximum concurrent load of 5.78 W versus the 9.9 W usable PoE floor (41.6% margin),
datasheet-sourced component selection, quantitative 77 GHz propagation analysis based on ITU-R P.676-12 [18] and ITU-R
P.838-3 [19] showing 10.7 dB fade margin at 100 m under heavy rain, and an MIL-STD-1629 FMEA [22] covering twelve failure
modes across hardware, network, and software layers.

A curriculum-learning domain adaptation methodology and an experimental validation roadmap with explicit success criteria complete

the contribution.

1.3 Scope and Validation Requirements

This paper contributes theoretical algorithms and architectural specifications; it does not yet report hardware testbed or field mea-
surements. Section 7 details scope boundaries, current limitations, and the structured validation pathway from controlled synthetic
experiments to production field deployment.

2 Related Work

2.1 Vehicle-Centric Multi-Modal Fusion

Extensive automotive research addresses camera-radar-LiDAR fusion [3, 10, 11]. Feature-level fusion approaches such as PointPillars
[12] and variants convert 3D point clouds to bird’s-eye-view representations, concatenating with radar features before detection heads.
These methods assume dense point clouds with 100-200+ points per target, forward-facing geometry with 0-30° depression angles,
and centralized processing. Decision-level fusion employs multi-hypothesis tracking that fuses detection outputs from independent
modality-specific networks, relying on high-confidence single-modality detections unavailable in infrastructure sparse regimes. The
automotive fusion literature uniformly assumes abundant power, dense sensing, and centralized processing. Infrastructure constraints
— oblique sparse geometry, PoE power limits, and distributed asynchronous synchronization — remain unaddressed in this literature
because the problem domain fundamentally differs from the automotive paradigm. XADAR fills this gap with algorithms and hardware
specifications designed from the outset for the infrastructure constraint set.
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2.2 Infrastructure Perception Datasets

InfraDet3D [7] provides a roadside LiDAR 3D detection dataset with elevated viewpoints but no multi-modal fusion framework.
InScope [8] offers a cooperative V2X perception dataset focusing on vehicle-infrastructure cooperation rather than infrastructure-
only multi-sensor fusion. TUMTraf V2X [9] presents infrastructure-vehicle cooperative dataset with cooperative fusion baselines but
focuses on V2X cooperation rather than infrastructure-only multi-sensor uncertainty quantification. These datasets advance annotation
and benchmarking but none provides a fusion methodology for asynchronous multi-modal sensing under power constraints. XADAR
addresses this gap with explicit temporal uncertainty propagation, sensor-specific covariance models, and a hardware specification
that satisfies the IEEE 802.3af power budget from first principles.

2.3 Uncertainty Quantification Approaches

Model-based radar uncertainty characterisation traces back to signal processing work on coherent receiver noise in active and passive
radar configurations [27], establishing that structured noise models can separate clutter from target returns under complex scattering
geometries — a principle motivating the explicit sensor-specific uncertainty models in Section 4.2 rather than a purely data-driven
approach. Covariance intersection [24] provides principled conservative fusion of estimates with unknown cross-correlations, but
assumes synchronous measurements and offers no mechanism for propagating temporal misalignment uncertainty into fusion weights.
Recent deep learning approaches including MVXNet [25] and uncertainty-aware fusion methods [26] learn uncertainty weights end-
to-end but require dense training data unavailable in infrastructure sparse regimes. XADAR addresses this gap with explicit sensor-
specific and temporal uncertainty models, achieving principled fusion under asynchronous conditions without requiring large labelled
infrastructure datasets.

2.4 Distributed Synchronization

IEEE 1588v2 PTP [14] achieves sub-microsecond synchronization on dedicated hardware. Industrial automation literature demon-
strates microsecond-level synchronization on specialized platforms, but embedded robotics applications under power constraints re-
main less characterized. XADAR treats synchronization quality as a continuous variable that directly modulates fusion weights via
the covariance inflation mechanism (Section 4.3), replacing the binary pass/fail boundary common in prior synchronization-dependent
fusion designs.

3 System Architecture and Power Analysis

3.1 Infrastructure Deployment Geometry

Infrastructure sensor nodes mounted at 5—15 m on streetlights, traffic signal poles, or building overhangs create a layered observation
geometry. The close-range zone (0-20 m horizontal) directly beneath each mount yields depression angles of 45-85°, well-suited
to the Benewake TFS20-L LiDAR whose 20 m rated range [30] covers this zone. The extended intersection-scale zone (20-100 m
horizontal) produces shallower depression angles of 6-27° depending on mounting height; here the TI IWR6843 77 GHz FMCW
radar extends tracking to 100 m [17]. This range-based complementarity is a deliberate architectural decision motivating multi-modal
fusion over single-sensor deployment.

Field of regard spans 90-120° azimuth from a corner-mounted sensor, covering a full intersection without mechanical scanning. A
10 Hz update rate suffices for infrastructure monitoring: pedestrian walking speeds of 1.2—1.6 m/s [4] and urban vehicle speeds of
5-15 m/s [4] produce at most 1.5 m inter-frame displacement, well within the tracker gating volume. High-speed highway monitoring
requires 20-30 Hz at speeds above 30 m/s. The 12.95 W IEEE 802.3af PoE ceiling [6] is the dominant hardware constraint separating
infrastructure from automotive perception; every other design decision follows from it.

3.2 Power Budget Derivation

IEEE 802.3-2022 [6] specifies 12.95 W maximum per Class 0-3 PoE port. Realistic usable power accounts for cable and conversion
losses according to:

Psavie = Prog X Tcable X Tlconverter (1)

The PoE standard maximum provides Ppog = 12.95 W per IEEE 802.3af specification. Cable resistive loss derives from the 84.5 Q2/km
conductor resistance of 24 AWG CatSe cable specified in TIA/EIA-568-C [28], yielding ncavle ranging from 0.85 for 100 m worst-case
to 0.92 for 50 m typical deployment.

DC-DC conversion efficiency depends on commercial PoOE PD controllers. Microchip TPS23861 [15] and Maxim MAX5953 [16]
datasheets specify conversion efficiency 7converer from 0.90 under conservative loaded conditions to 0.95 under optimistic light load.
These efficiency values derive from direct datasheet measurements under specified operating conditions.

The usable power range calculation yields minimum Ppin = 12.95 X 0.85 x 0.90 = 9.91 W and maximum Ppnax = 12.95 x 0.92 X
0.95 = 11.32 W. The design constraint requires system operation sustaining continuous operation at worst-case Pnin = 9.9 W.
Component selection targets maximum power consumption below this threshold with margin for aging effects and thermal derating
over operational lifetime.

3.3 Component Selection

Table 1 summarizes edge node component specifications with datasheet-sourced power consumption values. The microcontroller
employs STM32H743ZIT6 providing 480 MHz ARM Cortex-M7 architecture with 2 MB Flash and power consumption ranging
from 0.15-1.2 W depending on operational mode. The 77 GHz FMCW radar utilizes TI IWR6843 with 4 receive channels, 3
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Table 1: XADAR edge node component specifications from manufacturer datasheets.

Component Model Key Specification Power (W)
Microcontroller STM32H743ZIT6 480 MHz ARM Cortex-M7, 2 MB Flash  0.15-1.2
77 GHz FMCW Radar TIIWR6843 4 RX, 3 TX, 4 GHz chirp BW [17] 2.1-32
ToF LiDAR Benewake TFS20-L 20 m (dark/90% refl.), 905 nm VCSEL, <0.43

2 cm precision @lo, Class 1
TIEC60825 [30]

Ethernet PHY Microchip KSZ9031RNX 1 Gbps + IEEE 1588 HW timestamp 0.35-0.7
(20]

PoE PD Controller TI TPS23861 IEEE 802.3af, 90% efficiency [15] 0.15-0.25

Total Range 2.75-5.78

TFS20-L outdoor range reduces to 9-15 m at 100 Klux [30].

Table 2: Multi-sensor fusion node power budget. Margin against 9.9 W usable PoE floor.

Operating Mode Typical (W) Max (W) Margin (W) (%)
Sleep (all idle) 0.45 0.70 9.20 92.9
Radar-only active 3.10 5.35 4.55 46.0
LiDAR-only active 1.30 2.58 7.32 73.9
Radar+LiDAR concurrent 4.35 5.78 4.12 41.6

Concurrent typical: MCU 0.8, Radar 2.5, LiDAR 0.35, PHY 0.5, PoE ctrl 0.2 W.
Concurrent max: MCU 1.2, Radar 3.2, LIDAR 0.43, PHY 0.7, PoE ctr]l 0.25 W.

41.6% margin covers component aging (10%), 60°C derating, transient spikes.

transmit channels, and 4 GHz chirp bandwidth consuming 2.1-3.2 W. Time-of-flight LiDAR sensor Benewake TFS20-L provides
20 m range (dark, 90% reflectivity) at 905 nm VCSEL wavelength, with Class 1 eye-safe operation and <0.43 W average power [30].
Ethernet PHY Microchip KSZ9031RNX provides 1 Gbps connectivity with IEEE 1588 hardware timestamping capability consuming
0.35-0.7 W. PoE PD controller TI TPS23861 implements IEEE 802.3af with 90% efficiency consuming 0.15-0.25 W for power
management functions.

Table 2 analyses power budget across operating modes with corrected TFS20-L power figures [30]. Sleep mode consumes 0.45—
0.70 W. Radar-only active consumes 3.10-5.35 W with 4.55 W margin. LiDAR-only active consumes 1.30-2.58 W with 7.32 W
margin. Concurrent radar and LiDAR operation is the critical design point, consuming 4.35 W typical and 5.78 W maximum with
4.12 W margin (41.6%).

The corrected concurrent analysis — accounting for the TFS20-L actual average power of <0.43 W [30] rather than higher-power
alternatives — yields 4.35 W typical and 5.78 W worst-case maximum. The resulting safety margin of 4.12 W represents 41.6%
above worst-case consumption. This margin accounts for component aging effects typically exhibiting 10% degradation over 5-year
lifetime, thermal derating at elevated ambient temperatures up to 60°C in outdoor deployment (TFS20-L rated limit [30]), Ethernet
PHY transient current spikes during packet transmission bursts, and microcontroller interrupt-handling overhead during sensor burst
read operations.

3.4 77 GHz Frequency Selection and Link Budget

Four radar frequency bands are evaluated for outdoor infrastructure deployment: the 24 GHz ISM band, the 60 GHz oxygen-absorption
window, the 77 GHz automotive allocation, and W-band near 94 GHz. Table 3 summarises the quantitative comparison.

3.4.1 Propagation Analysis

A one-way link budget compares atmospheric losses across candidate frequencies. Free-space path loss at range d and frequency f:

4rd]
Lyan = 201og;, (7%) )
The link fade margin is:
Mfade = Pt + Gt + GT - Lpath - Lz\tm - Lrain - Psens (3)

This one-way analysis characterises comparative propagation; actual target detection range is governed additionally by radar cross-
section and is specified in the IWR6843 datasheet [17].

3.4.2 77 GHz System Parameters and Fade Margin

The TI IWR6843 transmits at P, = 12 dBm EIRP [17], within the FCC 47 CFR Part 15.253 limit of 15 dBm. On-chip patch antennas
provide G; = G = 10 dBi; receiver sensitivity is Piens = —90 dBm at 10 dB SNR [17].
Free-space path loss at 100 m, 77 GHz:

47 x 100 x 77 x 10°
3 x 108

Lpatn = 20 logw( ) = 20log,,(322,543) = 110.2 dB 4)
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Table 3: One-way propagation comparison at 100 m (P; = 12 dBm, G = 10 dBi each, 50 mm/hr rain, 10 Hz update rate).

Freq. L, (dB) L, (dB) L, (dB) Margin Doppler Res.  Key Limitation

24 GHz 100.0 0.001 0.10 21.9dB 6.2 cm/s Coarse Doppler; con-
gested ISM band

60 GHz 108.0 1.00 0.54 12.5dB 2.5 cm/s (0] resonance:
10 dB/km clear-air
loss

77 GHz 110.2 0.002 1.13 10.7 dB 1.9 cm/s Atm. window; ma-
ture automotive SoC
ecosystem

94 GHz 111.9 0.040 1.25 8.8dB 1.6 cm/s Lowest margin; limited

component availability

L, from ITU-R P.676-12 [18]: 0.01, 10.0, 0.018, 0.4 dB/km for 24, 60, 77, 94 GHz.
Rain (k, ) from ITU-R P.838-3 [19]: (0.020, 1.004), (0.240,0.794), (0.501, 0.795), (0.649,0.757).

IEEE 1588v2 Cov. inflation
PTP clock AR(At)
2
gating

TWR6843 Riadar Kalman Track output
77 GHz FMCW range/ang./vel. filter update X, Pr
Adaptive
weights wj,
TFS20-L Riipar
ToF LiDAR o r(d) model

Figure 2. XADAR uncertainty-aware fusion pipeline. Three IWNR6843 radar nodes and three TFS20-L LiDAR nodes (Fig. 1) feed

modality-specific covariance matrices into the pipeline. The IEEE 1588v2 PTP timestamp offset At drives the covariance inflation

block (Section 4.3), which scales both Riagar and Riipar before chi-square gating (X8A99,3 = 11.34) and adaptive weight calculation
wy, feed the Kalman filter update.

Atmospheric gaseous absorption (ITU-R P.676-12 [18]): At 77 GHz the system sits in a low-loss window between the 60 GHz
oxygen resonance and water-vapour absorption above 90 GHz. Specific attenuation is 0.018 dB/km, giving:

Lam = 0.018 dB/km X 0.1 km = 0.002 dB (5)

Rain attenuation (ITU-R P.838-3 [19]): Specific attenuation follows yg = kR* where R is rain rate in mm/hr. Coefficients for
horizontal polarisation at 77 GHz are interpolated logarithmically in k£ and linearly in o between the 70 GHz values (kg = 0.3952,
ag = 0.7967) and 80 GHz values (kg = 0.5541, ag = 0.7949):

kg =0.501, omg =0.795 Q)

At heavy rain R = 50 mm/hr: v = 0.501 x 50°-7%% = 11.25 dB/km, 50 Lpin = 1.13 dB over 100 m.
Received power and fade margin:

P.=12+4+10+10—-110.2 — 0.002 — 1.13 = —79.3 dBm @]
Miuge = —79.3 — (—90) = 10.7 dB (8)

The 10.7 dB margin at 100 m under heavy rain is adequate but modest. At 50 m the path loss drops to 104.2 dB, raising the margin to
16.7 dB. Radome insertion loss (0.5-1 dB) and sensor aging should be budgeted from the available margin.

3.4.3 Comparative Frequency Analysis

The 77 GHz selection rests on three pillars. First, the atmospheric window keeps Lam below 0.01 dB at 100 m regardless of humidity
and temperature — an advantage over 60 GHz whose oxygen absorption creates a 10 dB/km clear-air penalty that varies with me-
teorological conditions. Second, 1.9 cm/s Doppler resolution at 10 Hz resolves pedestrian gait cycles and slow vehicle movements.
Third, the automotive industry’s two-decade investment in 77 GHz FMCW SoCs (TT AWR/IWR family, NXP TEF8xx series) delivers
production-grade components with characterised performance and regulatory approval. The 24 GHz band offers the best fade margin
(21.9 dB) but requires 3.2 larger antennas and gives Doppler resolution 3.3 x coarser; W-band at 94 GHz achieves the finest Doppler
resolution but leaves only 8.8 dB margin with a less mature commercial ecosystem.
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4 Uncertainty-Aware Fusion Framework

4.1 Distributed Sensing Architecture

XADAR employs distributed sensing with centralized fusion processing. Edge nodes based on STM32H743 microcontrollers acquire
timestamped radar-LiDAR measurements and transmit to a GPU server via IEEE 1588v2 synchronized network. The central fusion
algorithm combines multi-node multi-modal observations through uncertainty-aware weighting. The key algorithmic challenge is
temporal coordination. While IEEE 1588v2 provides sub-millisecond synchronization on ideal hardware platforms, embedded sys-
tems under power constraints exhibit temporal offsets. Rather than imposing hard synchronization requirements that create binary
failure modes, XADAR adaptively weights measurements based on total uncertainty including temporal misalignment contributions.

4.2 Sensor-Specific Uncertainty Models
4.2.1 77 GHz FMCW Radar Uncertainty

FMCW radar derives range measurements from beat frequency f;, according to:

C- f b 71chirp
_— 9

2 B ®
where B represents chirp bandwidth and Tepirp denotes chirp duration. IWR6843 specification employs B = 4 GHz bandwidth and
Tenirp = 40 ps typical duration. Range resolution calculates as:

R =

c 3 x 10°

Doppler velocity measurement exploits frequency shift according to:
v=2Jo _c /o (11)
2 2fo
At 77 GHz, wavelength equals A = ¢/ fo = 3.9 mm. Doppler resolution for coherent processing time Ttame = 100 ms corresponding
to 10 Hz update rate yields:

A 0.0039
2Thame 2 x 0.1
The radar measurement covariance matrix captures range, angular, and velocity uncertainties:

Av

= 0.0195 m/s (12)

Rugwr= |0 02 0 (13)
0 0 o2

Radar measurement uncertainty components follow standard estimation theory [29]: range uncertainty cr = AR/ SNR'/2, angular
uncertainty o9 = \/(2L - SNR!/?) where L is effective antenna aperture, and velocity uncertainty o, = Av/SNR/2.

Multipath effects require explicit treatment. The standard two-ray path difference between direct and ground-reflected rays for sensor
height h., reflection height h,., and d > h is [29]:

__ 2hth,
T d
For typical deployment with hy = h, = 10 m at d = 50 m, Ar = 4 m, spanning approximately 1027 wavelengths at 77 GHz (A =
3.9 mm). Because the path difference covers many wavelengths, the wideband FMCW processor averages over many interference
fringes rather than accumulating a single range bias [29]. The dominant practical effect is range-dependent amplitude fading; the
uncertainty model accounts for this through inflation of o r absorbed into Radar-

Ar (14)

4.2.2 Time-of-Flight LiDAR Uncertainty
Time-of-flight LIDAR measures range from round-trip light travel time:

c- At
2

R= 15)

The Benewake TFS20-L datasheet [30] specifies range precision of 2 cm at 1o for targets at 0—6 m, and 1% of measured range for
targets beyond 6 m. Baseline range uncertainty:

0.020 m d<6m
d) = = 16
oro(d) {0.010><d d>6m (16)

At the 20 m maximum rated range in darkness (9—15 m at 100 Klux outdoor illumination [30]), o r,0(20 m) = 0.20 m. Atmospheric
scattering at 905 nm wavelength adds a range-dependent component:

d
dref

O'R(d) = O'Ryo(d) (1 + > s def = 10 m a7
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Reference range d..r = 10 m matches the design close-range LiDAR zone. The LiDAR measurement covariance matrix is:

o%(d) 0 0
RLiDAR = 0 03 0 (18)
0 0 o}

Angular uncertainties o¢ and o4 derive from the TFS20-L FoV specification of < 2° [30] combined with beam-divergence effects on
the measured centroid position.

4.3 Temporal Synchronization and Covariance Inflation
4.3.1 IEEE 1588v2 Framework

IEEE 1588v2 (IEEE 1588-2019 [14]) implements master-slave time synchronization via hardware-timestamped message exchange.
The offset calculation employs sync message timestamps 77, 7> and delay-request timestamps 75, T4 according to:

(T —T) ; (Ty —T3) (19)
XADAR configuration employs a GPS 1 PPS receiver-disciplined grandmaster on the GPU server. Slave nodes consist of STM32H743
microcontrollers with KSZ9031 Ethernet PHY providing hardware timestamping capability. The managed network switch implements
transparent clock support. Message exchange rate follows 2 msg/s per IEEE 1588-2019 default profile. Synchronization uncertainty
emerges from multiple sources. Hardware timestamping jitter in the KSZ9031 reaches 450 ns per datasheet specification [20].
PTP servo loop convergence achieves 100 ns theoretical floor per IEEE 1588-2019 analysis. STM32 interrupt latency from ARM
Cortex-M7 architecture typically spans £1-5 us. FreeRTOS task switching on ARM Cortex-M7 at 480 MHz contributes £5-10 us of
interrupt latency [17], depending on task priority configuration and interrupt nesting depth. Crystal oscillator drift follows 20 ppm
specification typical for commercial oscillators. Transparent clock residence time in the network switch adds =300 ns per switch
specification. Conservative synchronization uncertainty modeling combines these sources through root-sum-square:

(5offset =

_ 2 2 2 2 2 2
Ot = 4/ Ofqw 1 Tservo + Ojrg + Orros T Tt + Tawitch (20)

Assuming hardware jitter oygw = 50 ns, servo convergence ogervo = 100 ns, interrupt latency orq = 3 ps, RTOS jitter orros = 7.5 s,
drift o4ire = 1 ps, and switch residence oswich = 300 ns yields:

o =1/0.052 4 0.12 + 32 + 7.52 + 12 + 0.32 ~ 8.1 us 1)

This analytical estimate requires empirical validation through hardware testbed characterization. The XADAR fusion framework
explicitly models this synchronization uncertainty rather than assuming perfect temporal alignment.

4.3.2 Covariance Inflation Mechanism

For measurements acquired at time ¢; fused with reference time t.f, temporal offset At = ¢; — t.r introduces prediction uncertainty.
Kalman filter state prediction from ¢; to t.r follows:

Xpred = Fx; (22)

Pped = FP,FT 4 Qo (23)

Process noise covariance Qa+ scales with temporal offset magnitude:

2
Qat=Qo- (1 + M) (24)

Tref
Baseline process noise Qo represents synchronous fusion case. Reference time constant 7. = 10 ms equals one sensor frame period
at 10 Hz update rate. Adaptive fusion weight calculation determines measurement influence based on total uncertainty:

1
B tr(:Ppred,i + Rl)
Normalized weights follow w; = w;/ Y. 5 Wj- This mechanism enables graceful degradation where perfectly synchronized mea-

surements receive equal weighting while increased temporal offsets automatically reduce influence through covariance inflation. The
approach prevents hard hand-off failures characteristic of fixed-threshold gating.

(25)

Ws

4.4 Multi-Modal Kalman Filter Fusion
4.4.1 State Space Formulation

The 6D state vector for each tracked object represents position and velocity:

X= [m7y727v17vy7UZ]T (26)
State transition follows constant velocity model:
Iz At-I3
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Process noise models Wiener process acceleration:

At A®
I =% 13} (28)

— 52| a
=0,
Q [Af’lg AT,

Acceleration uncertainty o, = 2 m/s” is consistent with observed urban traffic dynamics [4], covering normal braking and merging
manoeuvres without modelling emergency stops.

4.4.2 Radar Measurement Model
Radar measurements provide range-azimuth-Doppler in sensor frame:

Zradar = [R7 97 ’UT‘}T (29)

Nonlinear observation model relates state to measurements:

‘,1:2 + y2 _|_ 22
— arctan(y/x
() = | 2N/ (30)
/22 1 y2§ 22
Extended Kalman filter linearization employs Jacobian Hyagar = Ohyadar/0%.
4.4.3 LiDAR Measurement Model
LiDAR measurements provide Cartesian point cloud in sensor frame:
T
ZLiDAR = [TL, YL, ZL] (1)
Observation model becomes linear after coordinate transformation:
T
hiipar (X) = Ruensor Y| + tsensor (32)
z

where Riensor and teensor represent sensor extrinsic calibration parameters.

4.4.4 Fusion Update Algorithm

For multi-modal measurements {zi}ﬁvzl from radar and LiDAR across multiple edge nodes, the fusion proceeds through prediction
and sequential update stages. Prediction stage advances state and covariance:

Xkk—1 = FXp_1jk—1 (33)
P11 = FPk—l\k—lFT + Qo (34)
Temporal alignment applies covariance inflation for each measurement i with timestamp offset At;:

Prir—1,0 = Prir—1 + Qay, (35)

Sequential extended Kalman filter updates incorporate measurements with appropriate uncertainty:

K; = Py H (HiPy—y HY + R (36)
Xile = Xijo—1 + Ki(zi — hi(Xp6-1)) (37)
Piw=0-KH)Py_1, (38)

This sequential formulation incorporates all measurements with weighting determined by sensor-specific uncertainty R; and temporal
misalignment Qa¢, .

4.5 Cross-Node Association

Spatial-temporal gating associates detections from adjacent nodes when statistical distance satisfies:

(za —25)"(Sa+SB) (24 — 2B) < X2 Do (39)

Innovation covariances S4 and Sp incorporate temporal uncertainty through the covariance inflation mechanism. The chi-square
threshold is set at X(2)'99‘3 = 11.34 for « = 0.99 confidence and DoF = 3 (three spatial dimensions), admitting 99% of true
associations while rejecting spurious cross-node matches [24]. This statistical gating naturally incorporates temporal uncertainty,
eliminating separate temporal threshold requirements. Global Nearest Neighbor association solves the assignment problem for M
measurements and NV tracks by minimizing total statistical distance:

DOI: https://doi.org/10.54216/FPA.210229
Received: April 18, 2025 Revised: June 28, 2025 Accepted: August 20, 2025 483



https://doi.org/10.54216/FPA.210229

Fusion: Practice and Applications (FPA) Vol. 21, No. 02. PP. 476-488, 2026

Table 4: FMEA for XADAR distributed multi-sensor fusion system (MIL-STD-1629 [22]). Severity: II=Critical, [II=Marginal,
IV=Minor.

Failure Mode Effect Detection Mitigation Sev.?
GPU hardware failure ~ Fusion halted Watchdog timeout Dual-GPU hot standby  1I
Network backbone Data loss Port down alarm Redundant uplink II
severed
Edge MCU crash Node dropout Keep-alive loss Spare node pool 1
Radar sensor failure Velocity loss Echo rate monitor LiDAR-only fallback 111
LiDAR sensor failure Range precision loss ~ Return count check Radar-only fallback III
PTP clock drift Sync degradation GPS comparison NTP/GPS fallback I
PoE supply fault Node power loss Voltage monitor Auto-restart via POE 111
Switch failure Network partition Link down alarm Redundant switch 1I
Software deadlock Processing halt Watchdog reset Auto-restart 1
Thermal shutdown Transient outage Temp threshold Throttle/shutdown 111
Data corruption Invalid measure- CRC validation Discard/retransmit v
ments
GPS signal loss Time reference loss 1 PPS timeout NTP fallback 11

#Severity per MIL-STD-1629: 1I=Critical (mission loss), [[I=Marginal, [IV=Minor.

M
min Z d* (i, Xr (i) (40)
=1

subject to one-to-one assignment constraints. Hungarian algorithm provides optimal polynomial-time solution for this assignment
problem.

5 Domain Adaptation Methodology

5.1 Domain Shift Analysis

Infrastructure perception suffers from training data scarcity compared to extensive automotive datasets including KITTI [13], nuScenes
[23], and Waymo Open [2]. Transfer learning from vehicle-mounted to infrastructure-mounted sensors encounters several domain
shifts. Geometric shift arises from depression angle inversion: automotive 0-30° forward-facing geometry becomes infrastructure 6—
85° top-down to oblique viewing (Section 3.1), depending on target range relative to mounting height. This geometric transformation
alters object aspect ratios, occlusion patterns, and ground plane validity. Density shift emerges from point cloud sparsity created by
oblique viewing geometry and extended range compared to dense automotive point clouds. Modality shift reflects different sensor
models exhibiting distinct noise characteristics and resolution specifications.

5.2 Curriculum Learning Framework

Progressive training schedules gradually transition from dense vehicle-perspective data to sparse infrastructure-perspective regimes.
Stage 1 establishes foundational feature extraction through dense pre-training on KITTI automotive dataset using PointPillars back-
bone architecture. This initial training establishes 3D object detection capabilities under favorable conditions.

Stage 2 employs CARLA [21] synthetic infrastructure scenes for controlled domain adaptation. Synthetic scene generation provides
controllable depression angles progressively increasing from 30° to 60° and controllable point density gradually reducing from auto-
motive baseline toward target infrastructure regime. The synthetic-to-real domain gap remains for subsequent real dataset collection.
Stage 3 applies fine-tuning with sparse augmentation through random point dropping mimicking infrastructure sparsity. Loss function
weighting emphasizes object center localization and velocity estimation over fine-grained shape reconstruction, reflecting infrastruc-
ture monitoring priorities.

Stage 4 requires real infrastructure data collection through field system deployment. Fine-tuning focuses on detection head adaptation
while freezing feature extraction backbone weights learned from earlier stages. Target performance metrics compare mean aver-
age precision on infrastructure validation sets against naive transfer baseline, with the goal of closing the dense-to-sparse detection
performance gap.

6 Reliability Engineering
6.1 Failure Mode Analysis

Table 4 applies MIL-STD-1629 [22] systematic failure mode and effects analysis methodology identifying critical failure modes with
detection mechanisms and mitigation strategies.

The failure analysis identifies GPU hardware failure as highest-impact mode halting fusion processing. Detection employs watchdog
timeout mechanisms while mitigation relies on dual-GPU hot standby architecture. Network backbone severance causes data loss
detected through port down alarms with redundant uplink mitigation. Edge microcontroller crashes produce node dropout detected
through keep-alive message loss with spare node pool mitigation. Sensor-specific failures including radar and LiDAR faults require
detection through echo rate and return count monitoring with single-modality fallback operation. PTP clock drift degrades synchro-
nization detected through GPS 1 PPS comparison with NTP/GPS fallback mechanisms. Power supply faults cause node power loss
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detected through voltage monitoring with automatic PoE restart capability. Network switch failures create partition scenarios detected
through link down alarms requiring redundant switch architecture. Software deadlocks halt processing detected through watchdog
reset with automatic restart. Thermal events produce transient outages detected through temperature threshold monitoring enabling
throttling before shutdown. Data corruption creates invalid measurements detected through CRC validation enabling discard and
retransmission. GPS signal loss eliminates time reference detected through 1 PPS timeout with NTP network fallback.

6.2 Dual-GPU Architecture

GPU failure represents the single highest-impact failure mode. The dual-GPU hot standby architecture employs two identical GPU
units where the primary GPU conducts continuous inference while the standby GPU maintains synchronized state through replication
every 100 ms. Shared NVMe SSD provides state persistence across failover events. Watchdog mechanisms detect primary failure
through 5-second heartbeat timeout. Automatic failover switches to standby GPU within 5 seconds of primary failure. State recovery
proceeds from cached checkpoint less than 100 ms old, minimizing track loss during transition.

Reliability improvement calculation assumes independent GPU failures with mean time between failure following semiconductor
industry baseline. The dual redundant configuration approximately doubles the effective MTBF compared to single GPU operation.
This reliability enhancement requires additional hardware cost representing modest fraction of total system cost while providing
substantial availability improvement for production deployment.

7 Experimental Validation Methodology

7.1 Phase 1: Synthetic Fusion Validation

Phase 1 validates uncertainty-aware fusion framework and covariance inflation mechanisms in controlled simulation with ground truth.
CARLA generates infrastructure scenes with 45-60° depression angles at 5-15 m elevation. Simulation produces radar range-Doppler
and LiDAR point cloud observations with realistic noise models. Controlled temporal offset injection mimics synchronization imper-
fections at levels spanning 0, 50, 100, 200, and 500 ws. The uncertainty-aware fusion algorithm processes these measurements with
covariance inflation per Equation (24). Performance assessment employs tracking accuracy metrics including MOTA and MOTP ver-
sus temporal offset magnitude. Success criteria define graceful degradation where MOTA decreases less than 10% for temporal offsets
below 100 us, demonstrating synchronization tolerance of the fusion framework. Covariance calibration verification employs nor-
malized innovation squared statistics within 95% confidence bounds validating uncertainty model accuracy. Computational efficiency
requirements mandate fusion processing below 50 ms per frame on target GPU enabling 10 Hz update rate with margin. Decision
tree progression depends on measured degradation. MOTA degradation below 10% at 100 us offset indicates synchronization frame-
work adequacy for subsequent phases. Degradation between 10-20% requires tightened synchronization requirements or enhanced
covariance inflation modeling. Degradation exceeding 20% necessitates fundamental re-evaluation of synchronization approach or
implementation of tighter temporal gating.

7.2 Phase 2: Hardware Synchronization Validation

Phase 2 empirically characterizes synchronization performance on STM32H743 plus KSZ9031 embedded platform under power
constraints. Test infrastructure employs prototype edge nodes with GPS 1 PPS receivers for independent timestamp correlation.
Oscilloscope or FPGA-based timestamp capture enables precise synchronization measurement. Continuous 96-hour operation with
environmental chamber provides thermal characterization across operating temperature range. Success criteria require nominal syn-
chronization below 200 us offset representing conservative threshold versus theoretical estimates. Thermal stability must maintain
offsets below 500 us across temperature range from -10 to +50°C. Network load resilience requires offsets below 1 ms at 80%
bandwidth utilization. Long-term stability mandates drift rates below +5 ps/hour. Critical decision point emerges if measured syn-
chronization exceeds 200 ps nominal threshold. This outcome requires revisiting covariance inflation parameters and hand-off gating
thresholds before field deployment progression.

7.3 Phase 3: Field Deployment Validation

Phase 3 validates complete system performance under real-world conditions through controlled urban deployment. The deployment
site spans approximately 4 city blocks covering 200m by 200m area with distributed sensor nodes. Performance assessment employs
realistic criteria acknowledging inherent difficulty of real-world infrastructure perception. System availability target of 95% represents
achievable goal for non-safety-critical infrastructure monitoring rather than aspirational targets. Cross-node hand-off success rate
target of 80% acknowledges tracking challenges across spatially distributed sensors. Vehicle detection mean average precision target of
50% reflects real-world data difficulty compared to synthetic validation. Power consumption verification confirms sustained operation
below 6 W per node validating power budget analysis. Reliability assessment requires zero catastrophic failures demanding site visits
during validation period.

8 Limitations and Required Future Work

8.1 Current Limitations

The simulation-based fusion validation provides controlled algorithm development environment but cannot capture full real-world
complexity including weather effects, complex occlusions, and sensor degradation mechanisms. Field deployment explicitly ad-
dresses this limitation through real-world validation. Synchronization hardware validation remains pending empirical characteriza-
tion. IEEE 1588v2 performance estimates derive from component datasheets and published benchmarks. Hardware testbed validation
proves mandatory before production deployment claims. Domain adaptation methodology faces data scarcity constraints from limited
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availability of real infrastructure perception datasets. The research community requires open infrastructure datasets comparable to
automotive KITTI and nuScenes resources. Single urban morphology in planned field deployment limits generalization claims. Per-
formance validation in specific urban environment requires additional validation sites spanning rural highways, dense urban canyons,
and adverse weather conditions for comprehensive characterization.

8.2 Future Research Directions

Multi-spectral fusion extending framework to thermal infrared cameras provides adverse weather and nighttime operation capabili-
ties. Thermal sensors complement radar-LiDAR through heat signature detection penetrating fog and rain. Federated learning across
deployment sites enables distributed training across multiple infrastructure installations without centralizing raw data. This approach
preserves privacy while leveraging collective dataset diversity for model improvement. Adaptive sensor scheduling implements dy-
namic radar-LiDAR duty cycling based on scene complexity and power budget. Idle scenes enable aggressive power saving while
high-traffic periods allocate full sensing resources. Vehicle-to-infrastructure cooperative perception integrates on-vehicle sensor ob-
servations with infrastructure fusion via V2X communication. This extension requires addressing asynchronous multi-platform fusion
challenges beyond current scope.

9 Limitations and Future Work

9.1 Current Scope Boundaries

XADAR contributes theoretical algorithms and an architectural design specification. No hardware testbed or field measurements are
yet reported; all performance claims are analytical. Three limitations bound the current contribution.

Empirical synchronization characterisation. The o¢ ~ 8.1 us synchronization estimate derives from root-sum-square combination of
datasheet-sourced component jitter values. Actual embedded PTP performance on STM32H743 hardware may differ; on-chip oscilla-
tor aging and temperature drift over five-year outdoor lifetimes have not been empirically measured. Hardware testbed characterisation
under realistic power cycling and temperature cycles is the highest-priority validation step.

Sensor uncertainty model validation. The TFS20-L precision of 2 cm @1o [30] is specified for indoor 25°C conditions; outdoor
performance at elevated temperatures and under direct sunlight (up to 100 Klux) has not been independently validated in this work.
Similarly, the IWR6843 multipath inflation factor in Rydar is @ modelling assumption; it must be calibrated against measurements
from actual infrastructure-mounted deployments.

Domain adaptation data requirements. Stage 4 curriculum learning requires real infrastructure LiDAR-radar data with ground-truth
labels, which is not yet collected. Performance claims in Section 5 are design specifications for a planned experimental protocol;
mean average precision on real infrastructure validation sets has not yet been measured and remains the subject of future work (step
V4 in Section 7).

9.2 Validation Pathway

The structured validation sequence towards production deployment is:

(V1) Synthetic temporal offset experiments. Inject controlled At offsets (0-50 ms) into CARLA-generated radar—LiDAR pairs
and verify that covariance inflation degrades tracking smoothly versus baseline hard-gating. Success criterion: MOTA drop
<10% at At = 10 ms.

(V2) Hardware PTP characterisation. Deploy three STM32H743 + KSZ9031 nodes on a managed switch; measure o, over
24 hours at 0°C and 60°C. Success criterion: empirical o < 20 us so the analytical 8.1 us estimate is confirmed as conservative.

(V3) Sensor uncertainty calibration. Mount TFS20-L and IWR6843 at 10 m elevation, collect range measurements to a calibrated
retroreflective target at 1-20 m under 0, 10, 50, and 100 Klux illumination. Fit or,0(d) to measured residuals.

(V4) Infrastructure dataset collection and domain adaptation. Instrument one signalised intersection with three XADAR nodes;
collect 1000+ labelled scenarios. Execute curriculum stages 3—4 and report mAP versus the naive automotive-pretrain baseline.

(V5) Production reliability field trial. Six-month outdoor deployment; log all FMEA-identified failure modes and compare ob-
served rates to FMEA criticality assignments. Success criterion: zero Category II failures per MIL-STD-1629 [22] severity in
the operational period.

10 Conclusion

XADAR addresses the three defining constraints of infrastructure-based perception — power, geometry, and synchronization —
through a unified theoretical and architectural framework. The covariance inflation mechanism propagates IEEE 1588v2 synchroniza-
tion uncertainty continuously through the fusion pipeline, replacing hard-threshold gating with a smooth degradation curve. Adaptive
sensor-specific fusion weights exploit the natural range-zone complementarity between the TFS20-L LiDAR (0-20 m precision zone)
and the IWR6843 radar (20-100 m extended zone), maximising information extraction without manual tuning. The reproducible
architecture satisfies the 9.9 W usable PoE floor with 41.6% margin, demonstrates 10.7 dB RF link fade margin at 100 m under heavy
rain, and documents twelve failure modes with MIL-STD-1629 severity ratings.

The immediate limitation is the absence of hardware validation; all performance claims are currently analytical. Section 7 structures
a five-stage validation pathway from controlled synthetic experiments (V1) through six-month field trials (V5). On successful com-
pletion of this pathway, XADAR is intended to serve as a reference architecture for PoE-constrained, uncertainty-aware infrastructure
multi-sensor fusion in smart city and autonomous intersection management deployments [5].
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