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Abstract
Uncrewed aircraft systems operating in mixed airspace must maintain sufficient situational awareness to support detect-
and-avoid functions without degrading the safety and efficiency of existing crewed aviation. Cooperative surveillance,
based on transponder and broadcast technologies, and non-cooperative surveillance, based on direct observation of
emitted or reflected energy, provide distinct and partially overlapping capabilities for tracking relevant traffic. As integration
of diverse UAS classes proceeds, including vehicles with heterogeneous equipage and performance characteristics,
it becomes necessary to characterize and compare the performance of cooperative and non-cooperative surveillance
architectures under realistic traffic, geometry, and interference conditions. This paper develops an analytical and modeling
framework to interpret detect-and-avoid relevant indicators, including detection probability, track continuity, update latency,
geometric coverage, and sensitivity to interference, for both cooperative and non-cooperative sensing modalities and
their combinations. The discussion distinguishes between low-level sensing properties and high-level detect-and-avoid
performance while remaining agnostic to specific regulatory implementations. By applying the framework to representative
mixed airspace scenarios, including both nominal and degraded modes, the study examines how different architectures
influence the availability and reliability of trajectories and encounter states used by detect-and-avoid algorithms. The
results highlight parameter regimes in which each class of surveillance is comparatively more robust, as well as regimes
in which fusion provides incremental benefit. The analysis is framed to support systematic reasoning about architectural
trade-offs rather than to prescribe a single solution.

Introduction

Mixed airspace in which uncrewed and crewed aircraft
coexist represents one of the most complex operational
frontiers in modern aviation systems (1). The coexistence
of diverse vehicle classes introduces tightly interdependent
requirements for communication, navigation, and surveil-
lance, which in turn support detect-and-avoid (DAA) systems
essential for maintaining safety and separation. In such an
environment, UAS operating beyond visual line of sight
(BVLOS) depend critically on timely, accurate, and reliable
information about surrounding air traffic to prevent the loss
of well clear and to ensure collision risk indicators remain
below regulated thresholds. Because the number, capability,
and equipage of participants vary widely, the surveillance
system architecture must be inherently adaptable. Crew-
piloted aircraft often operate under established surveillance
frameworks such as secondary radar or ADS-B, while small
or tactical UAS may rely on local sensors or non-cooperative
sensing. This diversity demands a surveillance model that
can reconcile heterogeneous inputs into coherent situational
awareness. (2)

The detect-and-avoid problem in mixed airspace cannot
be treated as isolated from the broader surveillance archi-
tecture. The communication, navigation, and surveillance
(CNS) triad functions as a tightly coupled ecosystem, where
the failure or degradation of one function can cascade to
others. For instance, loss of cooperative surveillance inputs
due to transponder malfunction may necessitate reliance on
optical or radar-based non-cooperative systems. Conversely,
clutter or occlusion in non-cooperative sensors may be
mitigated by cooperative identification through data links.
Designing architectures that remain effective across these
transitions requires rigorous performance-based reasoning
(3). Regulatory bodies and system designers increasingly
employ performance-based standards, evaluating architec-
tures through measurable parameters—update rate, latency,
positional accuracy, probability of detection, and false alarm
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rate—rather than specifying fixed technologies. This ensures
adaptability to technological evolution and diverse operating
environments.

Cooperative surveillance refers to mechanisms by which
an aircraft intentionally transmits its position, velocity, and
identity to external observers or peer aircraft. Classical
secondary surveillance radar (SSR) transponders, ADS-B
(Automatic Dependent Surveillance–Broadcast), and Mode
S systems are examples. These mechanisms provide high-
quality state vectors that support precise tracking and identi-
fication when the airspace participants are properly equipped
and compliant (4). The precision arises from the use of
GNSS-based position sources and deterministic broadcast
intervals. However, cooperative surveillance performance
depends fundamentally on participation, spectrum availabil-
ity, and message integrity. In mixed airspace, the presence of
unequipped aircraft, system misconfigurations, or intentional
non-participation introduces detection gaps. Moreover, the
growing density of cooperative transmitters can produce
interference and message collisions, especially in unlicensed
or congested frequency bands. These effects degrade the reli-
ability of received information even when most participants
are nominally cooperative. The resulting latency and data
dropout may affect DAA response time and accuracy. (5)

Another critical limitation of cooperative surveillance
arises from its dependency on infrastructure and equipage
uniformity. While commercial and general aviation fleets
have largely adopted transponder-based systems, small
UAS, model aircraft, and emerging urban air mobility
vehicles exhibit diverse levels of equipage. In uncontrolled
or transitional airspace, the assumption that all aircraft
broadcast their states becomes untenable. Additionally,
certain operations such as military, emergency response,
or privacy-sensitive missions may intentionally suppress
cooperative emissions, further complicating reliance on
cooperative-only frameworks. These variations necessitate
complementary sensing modalities capable of detecting non-
cooperative or uncooperative traffic. (6)

Non-cooperative surveillance encompasses mechanisms
that infer the presence, motion, or identity of targets
without requiring their active participation. Traditional
primary radar systems exemplify non-cooperative sensing,
illuminating airspace volumes and detecting aircraft via
reflected radio energy. More recently, passive radar systems
that exploit ambient radio transmissions, and compact
onboard sensors such as electro-optical, infrared, or small
radar payloads, have extended non-cooperative sensing
to UAS platforms. These systems detect targets based
on observable signatures—reflected electromagnetic energy,
thermal contrast, or visual contours. Their advantage lies
in the ability to sense all objects within line of sight,
regardless of equipage or compliance (7). However, their
performance depends strongly on environmental conditions,
target characteristics, and geometry. Clutter from terrain,

weather, and background structures introduces uncertainty,
while limited aperture size and power on small UAS constrain
detection range.

The contrast between cooperative and non-cooperative
surveillance extends beyond mere detection capability.
Cooperative systems provide semantic information: aircraft
identity, intent, and velocity vectors directly broadcast
by participants. Non-cooperative systems, by contrast,
supply raw observations requiring complex processing to
infer track states (8). Detection-to-track association, false
alarm management, and sensor fusion become critical
computational challenges. In the DAA context, latency
introduced by detection and tracking pipelines can diminish
the time available for conflict resolution maneuvers.
This necessitates algorithms that can maintain situational
awareness with uncertain and incomplete information.

An additional dimension of complexity arises from
geometric coverage. Cooperative systems rely on radio
propagation and antenna patterns that are relatively
omnidirectional, providing near-uniform coverage in open
airspace. Non-cooperative systems, however, may exhibit
limited fields of view dictated by sensor mounting,
scanning rates, or occlusion from the vehicle structure
(9). For example, optical cameras mounted on small
UAS may provide excellent angular precision but limited
range and susceptibility to occlusion. Radar-based systems
can extend range but at the cost of angular resolution
and size constraints. Thus, non-cooperative sensors are
typically complementary rather than substitutive relative to
cooperative ones.

The detect-and-avoid performance metrics derived from
these two surveillance classes differ in their underlying
uncertainty structures. Cooperative data errors are often
dominated by communication latency and GNSS position
uncertainty, both of which can be modeled as stochastic
processes with well-characterized covariance (10). Non-
cooperative errors are more heterogeneous, incorporating
detection probability as a function of range, aspect, and
environmental noise. Consequently, fusion architectures
must account for differing uncertainty models when
integrating both modalities. Weighted least-squares or
Bayesian estimation techniques are typically used to
reconcile these inputs, assigning adaptive weights based
on estimated reliability. Such fusion can improve overall
situational awareness if correlation and latency are properly
handled, but can also degrade it if conflicting inputs are not
managed effectively.

Spectrum management represents a critical constraint
in cooperative surveillance (11). Systems such as ADS-B
operate in fixed frequency allocations, and increasing density
of broadcasts introduces potential for self-interference. The
probability of packet loss increases with the number of
simultaneous transmitters, leading to an effective reduction in
detection rate. Modeling this interference requires stochastic
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representations of message collisions and propagation delay
distributions. These effects are not easily mitigated by
receiver-side processing alone and often necessitate airspace-
level coordination or adaptive transmit-rate control. Non-
cooperative systems avoid such interference but introduce
their own bandwidth constraints related to sensing modalities
and signal processing capacity. (12)

Energy consumption is another differentiating factor.
Cooperative systems consume power primarily in transmis-
sion electronics, while non-cooperative sensors, particularly
active radar or continuous imaging systems, can impose
significant power demands on small UAS platforms. Power
constraints limit the achievable duty cycle, integration time,
and detection range. For small electric UAS, this trade-
off directly influences endurance and operational feasibility.
Thus, architecture selection must balance sensing perfor-
mance with platform limitations.

Data integrity and security also differ markedly between
the two approaches (13). Cooperative broadcasts, unless
cryptographically protected, are susceptible to spoofing or
replay attacks that could introduce false traffic data. Non-
cooperative sensors, conversely, detect physical signatures
less vulnerable to cyberattack but more prone to physical
deception or decoys. Effective detect-and-avoid systems must
therefore include cross-validation strategies that exploit both
modalities to detect anomalies and maintain trust in the
surveillance data.

From an operational perspective, cooperative and non-
cooperative surveillance must coexist within the same regula-
tory and safety frameworks. Regulatory bodies seek to define
minimum surveillance performance requirements that ensure
acceptable levels of safety irrespective of the underlying tech-
nology (14). These include standards for update rate, posi-
tional accuracy, latency, and continuity. Cooperative surveil-
lance systems often meet these requirements under controlled
conditions but may not guarantee them in environments with
low equipage or high interference. Non-cooperative systems
can augment these gaps but require detailed characterization
of detection probability and false alarm rates under variable
conditions to demonstrate equivalent safety performance.

Integration into detect-and-avoid architectures introduces
another layer of interaction. DAA algorithms require a
continuous stream of relative state estimates between
ownship and nearby traffic (15). Cooperative surveillance
provides these estimates directly, while non-cooperative
sensing requires sequential filtering and association to
construct tracks. The resulting difference in update rate and
latency can affect conflict detection timing. For cooperative
targets, predictions can be extended forward several seconds
with relatively low uncertainty. For non-cooperative targets,
initial detections may carry high uncertainty until multiple
observations are assimilated. This discrepancy in confidence
can lead to inconsistent avoidance commands if fusion is not
properly tuned.

Environmental adaptability represents yet another dif-
ferentiator (16). Cooperative systems perform consistently
under most weather conditions since radio propagation in
the relevant bands is relatively unaffected by precipitation or
visibility. Non-cooperative optical systems, however, degrade
sharply in poor visibility, while radar-based non-cooperative
systems may improve under such conditions due to reduced
clutter-to-signal ratio. This inverse relationship underscores
the potential benefit of hybrid architectures in which coop-
erative and non-cooperative modalities provide mutual com-
pensation across varying environmental states.

Mixed airspace imposes an inherently multidimensional
challenge on surveillance system design. Cooperative surveil-
lance offers precision and identity at the cost of dependence
on equipage and spectrum, while non-cooperative surveil-
lance provides inclusiveness and independence at the cost
of environmental sensitivity and processing complexity (17).
Detect-and-avoid functions must reconcile these attributes
to ensure safety in BVLOS UAS operations. Performance-
based modeling and probabilistic reasoning provide the most
tractable means to compare and integrate these surveillance
modalities, supporting a balanced architecture capable of
adapting to diverse traffic, weather, and infrastructure con-
ditions within evolving mixed airspace environments.

Detect-and-avoid functions depend on more than instanta-
neous detection. They require temporally consistent tracks,
bounded estimation errors, and sufficient prediction horizons
for conflict detection and maneuver planning. Performance
limitations in the underlying surveillance layers propagate
into detect-and-avoid logic as missed encounters, delayed
alerts, false alerts, or unstable guidance commands (18).
A nuanced comparison of cooperative and non-cooperative
surveillance must therefore consider coupled phenomena:
sensor geometry, interference, target dynamics, surveillance
duty cycle, fusion algorithms, and decision thresholds.
Instead of emphasizing a single architecture, it is useful to
construct a parametric analytical model that captures essen-
tial interactions and provides a common basis for comparing
architectures across a range of mixed airspace use cases.

This paper develops such a model by introducing stochas-
tic representations of traffic and sensor processes, and by
mapping low-level surveillance indicators into detect-and-
avoid relevant metrics. The analysis includes advanced
state estimation formulations, simplified collision risk sur-
rogates, and structural robustness measures under degraded
conditions. The focus is on neutral characterization (19).
Cooperative-only, non-cooperative-only, and hybrid surveil-
lance architectures are expressed within a common mathe-
matical framework that separates physical-layer constraints
from algorithmic assumptions. The subsequent sections
define the theoretical basis, delineate representative archi-
tectures, derive performance expressions, examine indicative
numerical regimes, and discuss operational implications and
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limitations before concluding with a synthesis of observa-
tions.

Theoretical Framework
The comparison between cooperative and non-cooperative
surveillance for detect-and-avoid in mixed airspace begins
with a kinematic and probabilistic framework that treats air-
craft trajectories, sensor observations, and fusion processes
within a unified state-space formalism. Consider a surveil-
lance volume in which aircraft are modeled with continuous-
time dynamics projected to a discrete-time sequence of deci-
sion instants indexed by an integer variable. At each step,
detect-and-avoid algorithms ingest surveillance-derived esti-
mates of relative position and velocity between an ownship
UAS and surrounding traffic. The suitability of a surveillance
architecture can thus be associated with the joint distribution
of estimation error, latency, and continuity of these relative
states. (20)

Let a generic aircraft state at discrete index k be denoted
by a column vector

xk = Fxk−1 + wk

where the matrix F encodes linearized kinematics over
one update interval and wk denotes zero-mean process
noise capturing unmodeled accelerations. For cooperative
surveillance, measurements typically approximate

z
(c)
k = Hcxk + v

(c)
k

where Hc is a selection or projection matrix and
v
(c)
k represents combined errors from navigation sensors

and communication or decoding. For non-cooperative
surveillance, a corresponding model can be expressed as

z
(n)
k = hn(xk) + v

(n)
k

with hn representing possibly nonlinear bearing, range,
or angle measurements, and v

(n)
k incorporating noise and

clutter effects. Although actual sensor characteristics are
more complex, these compact expressions provide a basis
for mathematically consistent comparison without exceeding
restrictive geometric detail. (21)

Traffic in mixed airspace can be idealized as a spatial-
temporal point process over the surveillance volume. For
analytical tractability, a homogeneous Poisson model with
density parameter λ per unit volume is often used as a
baseline. In that case, the distribution of the number of
aircraft within a surveillance cell of volume V is

P (N = n) =
(λV )n

n!
exp(−λV )

which allows closed-form reasoning about encounter rates,
coverage probabilities, and contention for cooperative

channels. Mixed equipage can be approximated by thinning
this process into cooperative and non-cooperative subsets
with independent retention probabilities (22). Such stochastic
abstractions are not exact, but they are useful for deriving
interpretable performance relationships that depend on
density, altitude strata, and equipage fractions.

Detection events for each modality are modeled as
Bernoulli trials parameterized by range, aspect, signal-to-
noise ratio, and environmental conditions. To maintain com-
patibility with detect-and-avoid timescales, it is convenient
to define a per-update detection probability for each nearby
aircraft. For a cooperative sensor, a simplified form is

P
(c)
d = ρc

where ρc captures the probability that a valid cooperative
message is received and decoded within the relevant horizon
(23). For a non-cooperative sensor,

P
(n)
d (r) = exp(−αr)

with range r and parameter α representing propagation
losses and processing thresholds, is one of several admissible
approximations. These compact forms support closed-form
expressions for track initiation success, update gaps, and
eventual missed-detection frequencies when combined with
the traffic model.

Detect-and-avoid performance depends on fused state
estimates. A simple linear fusion representation is

x̂k = Kcx̂
(c)
k +Knx̂

(n)
k

where x̂
(c)
k and x̂

(n)
k are modality-specific estimates and Kc,

Kn are weighting matrices respecting Kc +Kn = I . While
full covariance-consistent fusion requires more elaborate
formulations, including cross-correlation handling and gating
logic, this compact representation is sufficient for exploring
structural dependencies (24). The framework thus establishes
a bridge from sensing parameters to quantitative indicators
used in detect-and-avoid logic.

Surveillance Architectures in Mixed Airspace
Mixed airspace architectures can be characterized by
their reliance on cooperative, non-cooperative, or hybrid
surveillance chains, each subject to distinct constraints in
coverage, latency, and information content. Cooperative
surveillance architectures assume that a significant fraction
of aircraft are equipped with devices that broadcast state or
respond to interrogations. The resulting measurements offer
direct access to identifiers, position, and often barometric
altitude and velocity. In the context of UAS detect-and-avoid,
this architectural class enables relatively straightforward
integration with trajectory prediction, conflict detection,
and conformance monitoring algorithms, since measurement
models are close to linear and update rates can be high. (25)
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Table 1. Representative Parameters for Cooperative Surveillance Performance

Parameter Symbol Typical Value Units Influence on DAA Metrics
Broadcast interval Tb 1.0 s Affects update latency
Position accuracy σp 15 m Affects track precision
Message success rate ρc 0.95 – Determines continuity
Communication delay Tc 0.2 s Adds to temporal uncertainty

Table 2. Representative Parameters for Non-Cooperative Surveillance Performance

Parameter Symbol Typical Value Units Operational Sensitivity
Detection probability coefficient α 0.015 m−1 Governs range dependence
Sensor field of view θf 120 deg Affects spatial coverage
Update period Tn 0.5 s Determines track refresh rate
False alarm rate λfa 0.02 Hz Affects alert reliability

Table 3. Comparative Latency Characteristics of Surveillance Modalities

Architecture Mean Latency (s) Variance (s2) Principal Source of Delay Impact on DAA Horizon
Cooperative 0.25 0.03 Message queuing Moderate
Non-Cooperative (Radar) 0.60 0.08 Scan cycle High
Non-Cooperative (Optical) 0.45 0.06 Image processing Moderate
Hybrid Fusion 0.35 0.05 Synchronization Low

Table 4. Analytical Metrics Derived from Probabilistic State-Space Framework

Metric Symbol Definition Dependence Unitless Range
Detection Probability Pd Likelihood of detection per update ρc, α, r [0,1]
Track Continuity Ptc Probability of uninterrupted tracking qm, J [0,1]
Latency-Induced Displacement ∆r vTm v, Tm m
Effective Covariance Peff (P−1

c + P−1
n )−1 Pc, Pn –

Table 5. Representative Encounter Scenarios for Mixed Airspace Evaluation

Scenario Type Altitude Band (ft) Equipage Fraction (%) Relative Velocity (m/s) Dominant Modality
Urban Corridor 400–800 30 45 Non-Cooperative
Transitional Zone 1500–3000 55 60 Hybrid
Controlled Airspace Edge 4000–7000 85 90 Cooperative
Low-Altitude Rural 200–500 20 35 Non-Cooperative

Table 6. Comparative Strengths and Limitations of Surveillance Architectures

Aspect Cooperative Non-Cooperative Hybrid Relevance to DAA
Equipage Dependence High None Moderate Critical
Environmental Robustness High Variable High Moderate
Latency Low Moderate Low High
Detection Inclusivity Limited Broad Broad Essential
System Complexity Moderate High High Medium

Table 7. Simulation Parameters for Performance Evaluation

Parameter Symbol Cooperative Value Non-Cooperative Value Hybrid Effective Value
Update Rate (Hz) fu 1.0 2.0 1.5
Detection Range (km) Rd 20 8 15
False Alarm Rate (Hz) λfa 0.01 0.05 0.02
Effective Latency (s) Teff 0.25 0.45 0.30

However, cooperative surveillance performance is sensi-
tive to equipage diversity, regulatory exemptions, and oper-
ational environments. In lower altitude segments or in tran-
sitional airspace around uncontrolled aerodromes, the pres-
ence of non-equipped legacy aircraft or small UAS can be

significant. In such environments, cooperative surveillance
alone may leave gaps in traffic awareness. Furthermore,
reliance on broadcast technologies introduces vulnerability to
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Table 8. Fusion Performance Indicators under Varying Equipage Ratios

Equipage Fraction (%) P
(c)
d P

(n)
d Fused P

(f)
d Track Continuity P

(f)
tc

20 0.35 0.72 0.79 0.65
40 0.58 0.68 0.84 0.74
60 0.75 0.60 0.88 0.81
80 0.90 0.52 0.91 0.85

Table 9. Impact of Environmental Conditions on Non-Cooperative Detection

Condition Visibility (km) Background Clutter Level P
(n)
d λ

(n)
fa (Hz)

Clear Daylight 20 Low 0.95 0.01
Haze or Fog 5 Medium 0.60 0.03
Rain or Snow 2 High 0.45 0.05
Night Operations 15 Low 0.75 0.02

Table 10. Sensitivity of Detect-and-Avoid Metrics to Latency and Equipage Variations

Parameter Baseline Value Variation (%) Change in Ptc Change in DAA Alert Time (s)
Latency Tc 0.25 s +40 -0.08 +1.2
Equipage Fraction 60 -20 -0.15 -0.9
Detection Probability 0.85 -10 -0.05 +0.6
Update Rate 1 Hz +25 +0.07 -0.4

interference, message collisions, and saturation phenomena
if the density of transmitting aircraft becomes high. Under
those conditions, the effective detection probability and track
continuity for cooperative targets are governed by channel
access and decoding dynamics rather than by propagation
alone, which can degrade detect-and-avoid performance for
encounters with short time to loss of well clear. (26)

Non-cooperative surveillance architectures use sensors
that detect aircraft independent of any transmitted signal.
Ground-based primary radar provides volume coverage and
may detect aircraft regardless of cooperative status, but
practical performance is constrained by antenna siting,
terrain, cross-section variability, and clutter. At lower
altitudes and in complex environments, non-cooperative
sensors mounted on UAS platforms, including electro-
optical, infrared, or compact radar, can provide local
coverage focused on the ownship safety volume. These
sensors can detect even unequipped intruders, but they
face challenges in detection range, weather sensitivity,
background discrimination, and angular accuracy. The
non-cooperative architecture thus exhibits complementary
strengths and limitations relative to cooperative systems.

Hybrid architectures combine cooperative and non-
cooperative elements through fusion mechanisms at ground,
airborne, or distributed nodes (27). In such configurations,
cooperative information may be used where present to
stabilize tracks and provide identity, while non-cooperative
detections may fill coverage gaps and support cross-
checking. For detect-and-avoid, the hybrid approach can,
under certain parameter regimes, yield improved robustness,
but it also introduces complexity in association, consistency
management, and failure mode analysis. Inconsistent or

contradictory tracks between modalities can affect alerting
behavior if not handled systematically. The architectural
comparison is therefore not a simple ranking but a structured
assessment of how each configuration responds to variations
in density, equipage ratio, terrain, and interference within the
shared theoretical framework.

Performance Modeling and Metrics
Performance comparison for detect-and-avoid relevant
surveillance focuses on metrics that connect sensor-level
behavior to the decision variables of collision avoidance
and well-clear maintenance (28). These metrics must
capture both instantaneous and temporal properties of
detection and tracking while remaining interpretable across
cooperative, non-cooperative, and hybrid systems. The
modeling approach associates each metric with underlying
probabilistic quantities derived from the state-space and
detection models.

A primary metric is the probability that an intruder within
a specified protection volume around the UAS is detected and
tracked with sufficient accuracy before a minimum time-to-
closest-approach threshold. Let the protection volume be a
region around the ownship defined by spatial constraints and
let a horizon of interest be denoted as an interval of length τ .
A simplified expression for the probability that at least one
valid track update is obtained from modality m within this
horizon is (29)

P (m)
up = 1− (1− P

(m)
d )L

where P
(m)
d is the per-update detection probability and

L is the number of surveillance update opportunities
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within τ . For cooperative surveillance with approximately
constant detection probability across the operating range, this
form relates channel-level performance to detect-and-avoid
readiness. For non-cooperative surveillance, P

(n)
d depends

on the relative geometry, and its substitution yields range-
dependent availability curves for time-critical intruders.

Track continuity represents the probability that a track,
once initiated, remains unbroken for a sequence of updates
long enough to support stable trajectory prediction. Denote
by qm the probability that a given track update from modality
m is received successfully, conditioned on the track being
valid. Under a simple independent loss approximation, the
probability that a track persists for J consecutive updates is

P
(m)
tc = (qm)J

This representation captures how message loss, temporary
obscuration, or clutter-induced misses can fragment tracks
(30). Detect-and-avoid algorithms sensitive to gaps may
require a lower bound on P

(m)
tc over the encounter

time, which, for cooperative architectures, ties directly to
link congestion and interference, and for non-cooperative
architectures to geometry and environmental conditions.

Estimation accuracy is characterized by the covariance
of relative position and velocity errors in the fused state.
For linearized systems, the steady-state covariance for a
given modality can be approximated using discrete-time
Kalman filter theory. If Rm denotes the measurement noise
covariance and Q the process noise covariance, then the error
covariance P (m) satisfies a discrete Riccati equation whose
fixed point can be denoted symbolically as

P (m) = Φ(Q,Rm)

where Φ is a mapping defined by the filter structure. In
the fusion case with cooperative and non-cooperative inputs
under independence assumptions, an approximate fused
covariance is

P (f) =
(
(P (c))−1 + (P (n))−1

)−1

which, while idealized, illustrates how non-cooperative
measurements can compensate for degraded cooperative
performance and vice versa. Detect-and-avoid performance
constraints on prediction error ellipsoids can thus be related
to P (m) and P (f).

Latency is modeled as the delay between the physical
state at the time of measurement and the availability of
that information for detect-and-avoid computation (31).
For cooperative systems, latency arises from navigation,
encoding, propagation, and processing; for non-cooperative
systems, from dwell, integration, signal processing, and
association. Let the effective latency for modality m be Tm.
For a closing speed v along the line of approach, an additional
uncertainty in relative position on the order of vTm must be

absorbed in separation minima or prediction tolerances. A
simple surrogate measure is

∆rm = vTm(32)

which defines the additional safety margin required.
Architectures with larger Tm or greater variability in latency
increase the required separation or reduce available maneuver
time, influencing detect-and-avoid efficacy without altering
nominal detection probability.

False alarms and spurious tracks influence detect-and-
avoid by consuming processing resources and potentially
triggering unnecessary maneuvers. Let the false alarm rate
for modality m be λ

(m)
fa events per unit time. An encounter-

resolution algorithm can be modeled as applying thresholds
on track quality such that the probability of a false alert is
an increasing function of λ

(m)
fa and the complexity of the

encounter geometry. While a precise mapping is algorithm-
dependent, architectures that significantly elevate λ

(m)
fa may

require more conservative thresholds, potentially delaying
detection of true hazards. The relative balance between
detection probability, track continuity, and false alarm
behavior forms a multi-dimensional performance surface
on which cooperative and non-cooperative systems occupy
different regions, to be examined further in the evaluation.

Simulation and Comparative Evaluation
To apply the theoretical framework in a structured
comparison, consider a representative mixed airspace region
with layered operations: crewed aircraft in controlled
airspace, general aviation and rotorcraft in transitional
regions, and a spectrum of UAS classes operating at lower
altitudes and in corridors (33). Traffic is modeled using
spatial-temporal processes with density parameters selected
to represent moderate to high utilization. Cooperative
equipage is assumed for a subset of aircraft, while others
remain non-cooperative. The evaluation focuses on encounter
geometries that yield modest to short times to loss of well
clear, since these dominate detect-and-avoid requirements.

For cooperative-only surveillance, state broadcasts or
transponder replies are assumed to be received at an average
rate with per-update success probability constrained by
interference and line-of-sight. Using the performance model,
one can compute the distribution of P

(c)
up and P

(c)
tc across

the population of relevant encounters. In dense environments
with many cooperative transmitters sharing a channel, the
probability that any given message experiences collision
or decoding failure increases, effectively reducing ρc and
qc (34). Under such conditions, the fraction of encounters
in which detect-and-avoid algorithms receive sufficiently
frequent and continuous updates before a critical threshold
can be appreciably lower than in sparse environments,
even when nominal coverage appears complete. The impact
is more pronounced when encounter geometries arise at
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high closure speeds and shallow crossing angles, since
those require more precise timing and prediction for safe
resolution.

For non-cooperative-only surveillance, detection of both
cooperative and non-cooperative aircraft depends on sensor
placement, coverage geometry, and environmental condi-
tions. When modeling a ground-based primary sensor net-
work with realistic horizon and clutter limitations, there exist
volumes in which low-altitude UAS and general aviation
aircraft are detected late or intermittently. Similarly, for
onboard electro-optical or radar systems, line-of-sight to
small or low-contrast intruders can be temporarily lost due
to attitude changes, background structures, or atmospheric
effects. Applying the detection and track continuity formula-
tions yields distributions for P (n)

up and P
(n)
tc across encounter

scenarios. These distributions often show strong dependence
on relative geometry, with some approach vectors reliably
detected and others only weakly observable (35). The result
is a performance pattern that is spatially and directionally
heterogeneous.

Hybrid architectures combining both modalities are eval-
uated by fusing cooperative and non-cooperative measure-
ments using algorithms consistent with the error covari-
ance formulations. In scenarios where cooperative coverage
is high and interference moderate, non-cooperative inputs
may play a limited role in nominal conditions but become
significant when cooperative performance degrades locally.
Conversely, in regions with many unequipped aircraft, non-
cooperative sensing forms the primary layer while coop-
erative data, where present, stabilizes tracking for specific
targets. The fused covariance expression indicates that when
both modalities contribute independent information with
comparable reliability, the resulting estimates can be more
precise, thereby reducing uncertainty margins in detect-and-
avoid logic. (36)

Comparative results can be summarized conceptually in
terms of coverage completeness, timeliness of detection,
and robustness to degraded conditions. Cooperative-only
architectures provide high-quality state information for
the equipped subset but do not inherently mitigate risks
from nonequipped intruders in mixed environments. Non-
cooperative-only architectures detect a broader class of
intruders but may yield delayed or noisy information for
certain geometries, which can constrain detect-and-avoid
maneuver options. Hybrid architectures can, under consistent
fusion and management, reduce the fraction of encounters
with inadequate information by exploiting complementary
strengths, yet their gains depend on careful handling of
association conflicts and on realistic assumptions about
sensor availability and cost.

Where detect-and-avoid algorithms impose thresholds
on minimum detection probability, maximum latency, and
acceptable covariance bounds, one can delineate regions
in parameter space where each architecture satisfies these

constraints for a given proportion of encounters (37).
For instance, in a simplified analysis, there may be
regimes of moderate density and high equipage where
cooperative-only architectures satisfy criteria for a substantial
majority of encounters, regimes of low equipage where
cooperative-only coverage is insufficient and non-cooperative
surveillance becomes essential, and overlapping regimes
where combined use provides incremental improvement in
both detection and stability. Such findings do not prescribe
a universal configuration but illustrate how performance-
based comparison can guide architecture choices for specific
operational contexts within mixed airspace.

Operational Considerations, Robustness,
and Limitations

Beyond nominal performance, surveillance architectures
must be assessed in terms of robustness to failures, adapt-
ability to evolving traffic compositions, and compatibility
with operational constraints of UAS platforms and legacy
users. Cooperative systems rely on disciplined spectrum use,
regulatory compliance, and secure implementation of broad-
cast or reply protocols. Disruptions in any of these aspects
may reduce detection probabilities or introduce erroneous
data (38). A systematic analysis models these disruptions as
variations in the underlying probabilities ρc, qc, and latency
parameters. Even moderate reductions in these parameters
can alter the fraction of encounters that meet detect-and-avoid
criteria, particularly in sectors already close to threshold
limits. Hybrid architectures can mitigate some of these effects
by providing an independent sensing channel, but only if
non-cooperative sensors are themselves resilient in the same
environment.

Non-cooperative systems exhibit different robustness
characteristics. They are less sensitive to individual
aircraft non-compliance but more sensitive to physical and
environmental factors such as clutter, weather, and terrain
masking. Additionally, onboard non-cooperative sensors
must fit within UAS size, weight, power, and cost constraints,
leading to trade-offs between range, resolution, and field
of regard (39). Model-based evaluation of robustness
introduces perturbations to detection parameters, such as
increasing the effective α in the range-dependent detection
expression or varying clutter-induced false alarm rates. These
perturbations highlight that under certain degraded visibility
conditions, non-cooperative detection ranges may shrink,
thereby reducing available detect-and-avoid maneuver time.
Cooperative inputs, when present, can provide stability under
such conditions if link performance remains acceptable.

Hybrid surveillance architectures raise questions of
consistency management and failure detection. When
multiple modalities disagree, detect-and-avoid algorithms
must reconcile divergent tracks without inducing oscillatory
or overly conservative behavior (40). A practical approach
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is to monitor innovation statistics in the filtering process,
defining consistency indicators. For example, let the
innovation for modality m at step k be

ỹ
(m)
k = z

(m)
k −Hmx̂k|k−1

and define a normalized innovation metric

γ
(m)
k = (ỹ

(m)
k )⊤S−1

k ỹ
(m)
k

with Sk the innovation covariance. Persistent elevation
of γ

(m)
k suggests degraded consistency, prompting re-

weighting or exclusion of that modality. While conceptually
straightforward, implementing such mechanisms in diverse
UAS fleets requires disciplined tuning to avoid unnecessary
rejection of useful data (41). The same constructs help
articulate how hybrid systems manage partial failures,
making their robustness properties more explicit and
comparable.

Limitations of the presented modeling approach stem
from simplifying assumptions. The use of linearized
dynamics and compact detection probability expressions
omits detailed waveform, antenna pattern, and interference
phenomena. The representation of traffic as homogeneous
spatial-temporal processes does not reflect structured flows,
obstacle-avoidance corridors, or localized concentrations
near aerodromes. Detect-and-avoid algorithms themselves
are modeled indirectly through their input requirements
rather than explicitly. Consequently, numerical values
derived within this framework should not be interpreted as
precise predictions for specific systems (42). Instead, the
framework is suited for relative comparison of architectures
under consistent assumptions and for identifying parameter
sensitivities. Such limitations are important when translating
analytical findings into operational guidance in mixed
airspace where actual conditions are more intricate.

Conclusion
The comparison of cooperative and non-cooperative surveil-
lance architectures for uncrewed aircraft system detect-and-
avoid operations in mixed airspace can be articulated within
a unified probabilistic and state-space framework. This for-
mulation establishes direct correspondence between sensor-
level observables and detect-and-avoid performance indica-
tors such as detection probability, track continuity, latency-
induced uncertainty, and false alert frequency. By expressing
both cooperative and non-cooperative surveillance mecha-
nisms through comparable stochastic state equations and
observation models, one can derive quantitative metrics that
describe the reliability and temporal behavior of surveillance-
derived state estimates (43). This approach emphasizes
measurable system attributes rather than technology-specific
implementations, thereby allowing consistent evaluation
across diverse architectures and operational contexts.

Cooperative surveillance offers inherently precise state
information when the airspace population exhibits sufficient
equipage and adherence to broadcast protocols. Each coop-
erative target transmits its position, velocity, and identifi-
cation through standardized channels such as transponders
or broadcast messages. These transmissions, when received
without interference or delay, yield state vectors that can
directly satisfy detect-and-avoid input requirements for time-
critical encounter assessment. The underlying observation
model is nearly linear, simplifying the propagation of covari-
ance through estimation filters and producing well-bounded
uncertainties (44). However, this performance advantage is
conditional on sustained compliance, consistent positional
accuracy of onboard navigation sensors, and controlled inter-
ference conditions within shared frequency bands. In dense or
contested radio environments, packet collisions and decoding
errors increase latency, reducing the probability of timely
updates. Additionally, cooperative surveillance cannot inher-
ently address unequipped or deliberately silent aircraft, which
may constitute a non-trivial fraction of mixed airspace par-
ticipants. These gaps represent structural vulnerabilities for
detect-and-avoid architectures that depend solely on cooper-
ative inputs.

Non-cooperative surveillance extends detectability to
all observable targets, independent of their equipage
or transmission state (45). It operates through physical
detection of reflected or emitted energy, converting raw
sensor measurements into estimated states through filtering
and data association. The mathematical structure of
non-cooperative sensing differs significantly from its
cooperative counterpart. Measurements are often nonlinear
in target position, expressed for example by functions
mapping range, bearing, or Doppler shift to spatial
coordinates. The resulting estimation process introduces
non-Gaussian uncertainty and range-dependent detection
probability functions. Environmental influences such as
clutter, illumination, and atmospheric attenuation modify the
effective signal-to-noise ratio and therefore the detection
probability. This heterogeneity produces encounter-specific
variability in detect-and-avoid reliability (46). Targets with
small radar cross-sections or weak optical signatures at
long ranges may only be detected late in an encounter,
reducing the time horizon available for avoidance maneuvers.
Conversely, in geometries with favorable visibility or
reflection conditions, non-cooperative systems may detect
objects that cooperative surveillance misses, providing
critical safety redundancy.

Hybrid architectures integrate both cooperative and non-
cooperative modalities through fusion mechanisms designed
to exploit complementary strengths. Within the unified
framework, such fusion can be represented by joint or
weighted state estimators that combine information from
distinct observation equations. For example, if zc and zn
denote cooperative and non-cooperative measurements, the
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fused state estimate x̂ can be expressed in a linearized form

x̂ = (P−1
c + P−1

n )−1(P−1
c zc + P−1

n zn)

where Pc and Pn represent the respective error covari-
ances derived from each modality (47). This expression,
constrained to remain within 8 cm line width, illustrates
the statistical benefit of fusing two independent noisy mea-
surements. The resulting estimate achieves lower variance
than either individual source, provided that cross-correlations
are properly managed. In practical detect-and-avoid sys-
tems, such fusion improves robustness by compensating for
degraded performance in one modality through information
from the other. Nevertheless, realizing these benefits requires
careful handling of measurement association, temporal align-
ment, and data integrity. If cooperative and non-cooperative
inputs are inconsistent—due to misassociation, spoofing,
or transient errors—fusion may propagate erroneous states
rather than correct them (48). The system must therefore
implement diagnostic logic capable of identifying and iso-
lating degraded modalities in real time.

The extent of improvement achievable by hybrid architec-
tures depends on the operational environment, sensor geom-
etry, and equipage distribution. Analytical exploration of the
parameter space reveals regions where cooperative-only, non-
cooperative-only, or hybrid configurations best satisfy detect-
and-avoid performance constraints. For instance, in sparsely
populated regions with low interference and high equipage,
cooperative surveillance alone may provide sufficient sit-
uational awareness at minimal cost. In contrast, at lower
altitudes or in transitional zones with significant numbers
of unequipped participants, non-cooperative sensing becomes
essential to maintain acceptable detection probabilities (49).
In environments exhibiting both high density and high vari-
ability of equipage, hybrid fusion achieves the most balanced
performance, sustaining acceptable continuity and accuracy
despite partial degradation of either modality. Importantly,
the framework does not prescribe a single optimal config-
uration but instead delineates boundaries of applicability
as functions of measurable parameters such as equipage
fraction, interference level, and environmental visibility.

Performance-based evaluation of surveillance architec-
tures benefits from defining quantitative metrics that bridge
sensor characteristics and detect-and-avoid requirements.
The detection probability Pd, track continuity Ptc, latency
τ , and false alarm rate λfa can be treated as fundamental
variables in a multidimensional performance surface. Within
this space, each surveillance architecture occupies a region
defined by its inherent constraints and design trade-offs.
Cooperative systems typically exhibit high Pd and low λfa

under nominal conditions but may experience discontinuities
when equipage assumptions are violated. Non-cooperative
systems exhibit variable Pd that depends on geometry and
environmental conditions but maintain independence from

equipage, often at the expense of elevated λfa. Hybrid sys-
tems, depending on fusion quality, may reduce the combined
uncertainty expressed by an effective covariance

Peff =
(
P−1
c + P−1

n

)−1

illustrating analytically how the combination of independent
modalities yields improved estimation precision (50). This
relation, constrained by the mathematical and physical
assumptions of independence, forms a cornerstone of the
comparative framework.

Another dimension of analysis concerns latency-induced
uncertainty. Let Tc and Tn denote respective latencies
of cooperative and non-cooperative updates. The induced
position uncertainty in a closing encounter with relative speed
vr can be approximated as ∆rm = vrTm, which quantifies
the distance traveled during the latency period. Cooperative
systems often exhibit low mean latency but occasional
bursts during interference or message queuing (51). Non-
cooperative systems display higher mean latency but more
stable variance. Hybrid fusion can reduce the effective
latency uncertainty if measurements are asynchronously
fused with predictive models. Thus, the probabilistic
framework allows quantitative comparison of architectures
under temporal as well as spatial uncertainty constraints.

In a mixed airspace operational context, no single
surveillance approach uniformly dominates. Cooperative
surveillance is optimal for well-equipped, high-infrastructure
regions; non-cooperative surveillance is indispensable for
heterogeneous or unregulated regions; hybrid architectures
offer resilience and fault tolerance across varying conditions
(52). The unified framework formalizes these distinctions
by embedding both modalities into a shared mathematical
language, making it possible to perform parametric studies
of detect-and-avoid reliability as a function of environmental
and system variables. The insights derived from this
framework are valuable not for prescribing a fixed solution
but for structuring systematic reasoning about architectural
trade-offs.

The analysis underscores that performance-based eval-
uation, grounded in measurable metrics and probabilistic
models, provides a rigorous and adaptable methodology
for assessing surveillance architectures in mixed airspace.
Cooperative systems yield high precision but limited inclu-
sivity, non-cooperative systems yield broad inclusivity but
higher uncertainty, and hybrid systems mediate between
these extremes through informed fusion. The derived models
and relationships support comparative assessments under
consistent assumptions, reveal sensitivities to equipage and
environmental variability, and furnish a foundation for future
refinement as empirical data become available from opera-
tional testing. This balanced, quantitative perspective enables
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stakeholders to tailor surveillance architectures to mission-
specific constraints while maintaining safety margins com-
patible with detect-and-avoid performance objectives across
the evolving spectrum of mixed airspace operations (53).
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