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Abstract—Modern Phased-Array Radars (PARs) integrate
surveillance and tracking functions on a single antenna timeline,
introducing a fundamental scheduling challenge: optimizing the
finite beam-time budget to balance tracking capacity and accu-
racy. Although the optimal tracking period is dictated by dynamic
target maneuverability, prevailing Radar Resource Management
(RRM) paradigms decouple these physical dynamics from the
real-time beam scheduler, inevitably causing resource waste or
track loss. Tightly integrating maneuver-aware adaptation within
a hard real-time (HRT) framework has remained elusive due to
technical challenges inherent to radar systems. These include: (i)
managing complex, path-dependent tracking dynamics, known
as hysteresis, to ensure tracking stability while optimizing re-
source utilization; (ii) formally verifying transient safety dur-
ing immediate, zero-delay reconfiguration under non-preemptive
constraints; and (iii) navigating the non-monotonic, NP-hard
optimization space to efficiently balance capacity and accuracy.
In this paper, we propose RT-Radar, the first framework to
achieve maneuver-aware period adaptation while guaranteeing
HRT safety under non-preemptive scheduling. We make three key
contributions. First, we develop a novel asymmetric control policy
that proactively manages hysteretic tracking dynamics. Second,
we establish a rigorous transient schedulability analysis for non-
preemptive EDF that formally guarantees the safety of zero-delay
reconfiguration. Third, we design an anomaly-aware optimization
strategy, guided by bottleneck load analysis and accelerated by
an efficient O(n) incremental calculation, to navigate the non-
monotonic space. Evaluation on an industrial-grade high-fidelity
PAR simulator shows that RT-Radar significantly outperforms
established RRM algorithms, achieving up to 27.3% higher
tracking success ratio during overload and reducing average
tracking error by up to 60.3% during underload.

I. INTRODUCTION

Surveillance and Tracking Radar (STR) systems are the cor-
nerstone of mission-critical applications, such as defense and
air traffic control, demanding high-fidelity, real-time aware-
ness of dynamic environments. Modern Phased-Array Radars
(PARs) leverage software-defined beamforming to interleave
surveillance and multi-target tracking functions on a single
antenna timeline. This integration introduces a fundamental
real-time scheduling challenge: optimizing the finite beam-
time budget to balance the inherent trade-off between (G1)
tracking capacity, the number of targets tracked, and (G2)
tracking accuracy, the precision of state estimates. The track-
ing period primarily governs this trade-off; shorter periods

§Jinkyu Lee is the corresponding author.

enhance accuracy but increase utilization, potentially reducing
capacity. As tracking stability relies on temporally correct up-
dates, these systems mandate hard real-time (HRT) guarantees.

The prevailing paradigm in Radar Resource Management
(RRM) is fundamentally misaligned with physical reality: the
optimal tracking period is dictated by the target’s real-time
maneuverability, quantified by acceleration. However, current
RRM frameworks [1]–[19] rely on static periods or decoupled
adaptation. They optimize the beam-time budget based on
externally determined deadlines, failing to integrate real-time
physical dynamics into the HRT scheduling loop. As targets
maneuver dynamically and unpredictably, this decoupling in-
evitably leads to resource waste through over-sampling or track
loss through under-sampling.

To effectively co-optimize G1 and G2, a paradigm shift is
necessary: tightly integrating maneuver-aware period adapta-
tion within the real-time beam scheduler. However, achieving
such integration has remained elusive due to severe, intercon-
nected technical challenges T1–T3 inherent to STR systems.
T1. Hysteretic tracking dynamics. Accurately mapping the

target’s real-time maneuverability to the required tracking
period is essential for optimizing both G1 and G2. How-
ever, this mapping is complicated by the path-dependent
tracking dynamics. We identify hysteresis in the tracking
error, a phenomenon where the error behavior differs
significantly between maneuver onset and offset. This
asymmetry invalidates simple reactive adaptation based
solely on acceleration magnitude. The challenge is to
develop an asymmetric control policy that proactively
manages this hysteresis to ensure tracking stability while
optimizing resource utilization.

T2. Safe zero-delay reconfiguration. To maintain G2 against
unpredictable target maneuvers, the beam scheduler must
apply adapted periods immediately, with zero delay. This
immediacy, however, risks inducing transient overload,
threatening G1. The challenge is to formally verify
transient safety: guaranteeing no deadline misses dur-
ing the zero-delay reconfiguration. Established real-time
adaptation mechanisms, such as mode change protocols
(MCPs) [20]–[23], introduce coordination delays incom-
patible with this immediacy. Furthermore, existing adap-
tive RRM, including online optimization [24]–[28] and
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learning-based policies [29]–[31], lack formal guarantees.
T3. Non-monotonic optimization space. The overarching chal-

lenge lies in determining the optimal set of tracking
periods that maximizes G2 by utilizing available slack
during underload, and maximizes G1 while minimizing
G2 degradation during overload. This optimization is NP-
hard [32] and critically exacerbated by non-preemptive
constraints, which induce a non-monotonic schedulabil-
ity space. In this space, reducing utilization may para-
doxically increase the actual schedulability load. This
anomaly renders utilization-based optimization strategies
fundamentally inadequate and unsafe. The challenge is
to design a low-overhead, anomaly-aware optimization
strategy to navigate this complex space efficiently.

In this paper, we propose RT-Radar, the first real-time
beam scheduling framework that dynamically optimizes track-
ing periods based on real-time target maneuverability while
providing rigorous HRT guarantees under non-preemptive
scheduling, thereby co-optimizing G1 and G2. RT-Radar is a
closed-loop cyber-physical system (CPS) comprising a Period
Adaptation Module (PAM) and a Real-Time Beam Scheduler
(RTBS), specifically designed to address T1–T3.

To address T1, PAM employs a novel asymmetric control
policy that ensures rapid stabilization during maneuver onset
and immediate resource reclamation during maneuver offset.
For T2, we develop a rigorous transient schedulability analysis
for non-preemptive Earliest Deadline First (NP-EDF). This
analysis fills a critical gap in existing real-time theory by
formally guaranteeing the safety of zero-delay reconfiguration.
To resolve T3, RTBS employs an anomaly-aware optimization
strategy guided by bottleneck load analysis. We accelerate
this strategy by developing an efficient O(n) incremental load
calculation, which enables low-latency decision-making.

We implemented RT-Radar and evaluated it using an
industrial-grade high-fidelity PAR simulator that faithfully
replicates live-target operational field data. The results demon-
strate that RT-Radar significantly outperforms established
RRM algorithms, achieving up to 27.3% higher tracking suc-
cess ratio during overload conditions and reducing the average
tracking error by up to 60.3% during underload conditions.

In summary, this paper makes the following contributions:

• We identify critical insights into tracking dynamics, includ-
ing hysteresis, motivating the necessity of maneuver-aware
period adaptation (Sec. II).

• We propose RT-Radar, the first system design to co-optimize
G1 and G2 for multi-target tracking (Sec. III).

• We develop a novel asymmetric control policy that proac-
tively manages hysteresis, ensuring rapid stabilization and
immediate resource reclamation (Sec. IV).

• We establish a rigorous transient schedulability analysis for
NP-EDF that formally guarantees the safety of immediate,
zero-delay reconfiguration (Sec. V-B).

• We design an anomaly-aware optimization strategy guided
by bottleneck load analysis to navigate the non-monotonic
NP-EDF space (Sec. V-C).

Fig. 1: The operational concept of an STR system.

• We demonstrate the effectiveness of RT-Radar through
experiments on a high-fidelity PAR simulator (Sec. VI).

II. TARGET SYSTEM AND MOTIVATION

This section details our target system and its unique real-
time constraints. We then motivate RT-Radar through a case
study identifying critical insights into tracking dynamics.

A. Target System: Surveillance and Tracking Radar

An STR is a mission-critical system responsible for de-
tecting and tracking multiple targets (Fig. 1). It executes
two primary functions: surveillance, discovering new targets,
and tracking, maintaining known trajectories. Modern PARs
leverage electronic beam steering, implementing these distinct
functions as software-defined beam tasks interleaved on a sin-
gle antenna timeline. Tracking tasks require periodic updates
for stability, while surveillance tasks utilize the remaining
time, leading to contention for the finite beam-time budget.

Following standard practice in RRM [33], we model the
tracking of a single target as a dedicated periodic task, τi.
This periodicity is crucial for the stability of state estimation
algorithms, such as Kalman filters. Each task generates a
sequence of jobs; the k-th job of τi, denoted by Ji,k, executes
as a dwell—an atomic, non-preemptive sequence of trans-
mission, reception, and processing operations. We identify
three fundamental constraints that distinguish radar resource
allocation from conventional real-time scheduling problems:
C1. Non-preemptivity. Dwells execute atomically, inherently

inducing non-preemptive blocking. This complicates
schedulability analysis even under EDF, rendering simple
utilization bounds insufficient and mandating explicit load
analysis that accounts for blocking time.

C2. Dynamic and unpredictable workload. The active task
set evolves unpredictably as targets arrive/depart. Fur-
thermore, as detailed below, tracking periods must be
dynamically adapted to target maneuvers, leading to
spontaneous fluctuations in system load.

C3. Mission criticality. The system mandates HRT con-
straints. Temporal correctness is essential for stable state
estimation; a deadline miss can cause unrecoverable error
and track loss. During saturation, the system must ensure
predictable degradation based on mission priority (MP).

B. Motivation: The Need for Maneuver-aware Adaptation

The fundamental scheduling challenge in STR systems,
complicated by C1–C3, is optimizing the finite beam-time
budget to balance the inherent trade-off between G1 and
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Fig. 2: Measured relationship between tracking period, target acceleration, and
tracking error.

Fig. 3: The core concept of RT-Radar:
maneuver-aware period adaptation.

G2. This trade-off is primarily governed by the tracking
period. For a specific target, τi, the optimal tracking period
depends critically on its real-time maneuverability, quantified
by acceleration. Conceptually, from a task-level perspective,
let Ti, ai, and ei denote the tracking period, acceleration, and
resulting tracking error of τi, respectively. Tracking involves
predicting the target’s future state; Ti defines the prediction
horizon, while ai represents the unmodeled dynamics causing
deviation from the prediction, thereby increasing ei.

Conventional STR systems, however, manage these periods
using static assignments or decoupled adaptation schemes.
This approach is inherently suboptimal as it fails to integrate
real-time dynamics directly into the HRT scheduling loop. To
effectively co-optimize G1 and G2 in response to dynamic
physical changes, we shift our focus from this coarse-grained
task-level perspective to a fine-grained, job-level adaptation.
We dynamically adjust the tracking period for the subsequent
job Ji,k+1, denoted by Ti,k+1. This adjustment is based on
the target’s latest maneuverability, denoted by ai,k, which is
estimated immediately upon completion of the current job Ji,k.

Measurement-based case study. To validate our approach
and uncover the underlying tracking dynamics, we conducted
a case study using an industrial-grade high-fidelity PAR sim-
ulator. This simulator integrates the identical software stack
deployed in operational STR systems and is validated through
Software-in-the-Loop (SITL) execution, replicating live-target
testing results using field data. We analyzed two representative
tactical threats: an aircraft and a ballistic missile. We evaluated
the actual tracking error ei,k measured for each job, defined as
the positional error against ground truth, across various fixed
periods Ti and levels of dynamic maneuverability ai,k. Fig. 2
presents the results as normalized tracking error.

We synthesize the critical insights from this study.

I1. Tracking error is highly sensitive to both period and
acceleration, following the relationship e ∝ aT 2.

Fig. 2(a) shows that the average tracking error increases
convexly (near-quadratically) with the fixed period. Figs. 2(b)
and 2(c) demonstrate that the instantaneous job-level tracking
error increases monotonically with the real-time acceleration.
Crucially, the curves corresponding to longer periods exhibit

steeper slopes, indicating that tracking error accumulates much
faster during maneuvers when updates are infrequent.

I2. Tracking error exhibits significant asymmetry, known as
hysteresis, with respect to acceleration trends.

Figs. 2(b) and 2(c) reveal the critical hysteresis: the job-level
tracking error during increasing acceleration (maneuver onset;
upper path) is substantially higher than during decreasing
acceleration (maneuver offset; lower path), even at the same
acceleration magnitude. This asymmetry arises from the inher-
ent dynamics of tracking filters, to be explained in Sec. IV-B.

Implications. These insights establish a clear mandate
for maneuver-aware period adaptation, illustrated in Fig. 3.
They fundamentally challenge the conventional decoupled
RRM paradigm and dictate the core design requirements for
RT-Radar. First, I1 confirms a quantifiable relationship govern-
ing tracking error. By monitoring the latest acceleration, we
can determine the precise period required to maintain tracking
stability for the subsequent job. This insight establishes the
foundation for maneuver-aware adaptation. Implementing this
foundation necessitates an HRT-compatible transformation
model capable of analytically mapping estimated acceleration
and required accuracy bounds to the appropriate tracking
period. Second, I2 reveals complex, hysteretic dynamics in
the job-level tracking error. This path-dependency implies that
reacting solely to the magnitude of acceleration is insufficient;
the adaptation policy must proactively and asymmetrically re-
spond to the acceleration trend at a job-level granularity. Man-
aging this path-dependent behavior therefore requires a spe-
cialized asymmetric control policy: maneuver onset demands
aggressive stabilization through rapid period reduction for
safety, whereas maneuver offset permits immediate resource
reclamation through rapid period extension for efficiency.

C. Transformation Model

The transformation model serves as the physics-to-cyber
bridge, translating physical dynamics (acceleration) and QoS
requirements (accuracy constraints) into the temporal con-
straints (periods) required by the scheduler. To implement
the maneuver-aware adaptation subject to I1–I2 within the
HRT constraints of C3, the underlying model must support
predictable scheduling decisions. Its primary role is not the
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Fig. 4: System architecture and workflow of RT-Radar.

high-fidelity estimation of the actual error, but rather the
rapid derivation of a safe period amenable to formal analysis.
Therefore, an HRT-compatible transformation model must sat-
isfy three essential properties: (i) computational predictability,
requiring low computational complexity and a strictly bounded
derivation latency; (ii) determinism, mandating a closed-form,
analytical derivation from measurable quantities; and (iii) an-
alyzability, necessitating a physics-based foundation to enable
quantitative reasoning about tracking accuracy.

Existing approaches often fail to satisfy these properties
simultaneously. Online optimization [24]–[28] or iterative
solvers [34] violate (i) and (ii) due to high overhead and vari-
able latency. Empirical or heuristic schemes [35]–[37] fail (iii),
precluding formal analysis. Learning-based policies [29]–[31]
typically violate all three due to unpredictable overhead, lack
of closed-form solutions, and opacity to formal verification.

The adopted model. To satisfy (i)–(iii), we adopt a physics-
based tracking error model [38], validated by I1:

êi ≈ 1
2 ai T

2
i . (1)

Rooted in standard Newtonian kinematics, this model quanti-
fies the positional deviation of a maneuvering target from a
constant-velocity prediction, thereby isolating the maneuver-
induced error—the dominant factor in resource allocation. We
denote the error as ê to emphasize that it represents the pre-
dicted error, distinct from the actual measured error. Crucially,
prioritizing this systematic kinematic bias over stochastic noise
provides a deterministic bound on the error, essential for
verifiable HRT scheduling decisions. Furthermore, solving for
Ti yields the closed-form period Ti =

√
2êi/ai. Consequently,

this model uniquely satisfies all required properties: (i) O(1)
complexity; (ii) closed-form; and (iii) physics-based.

III. RT-RADAR: SYSTEM DESIGN

In this section, we define the system goals and introduce
the RT-Radar architecture designed to achieve these goals.

A. System Goals and Overview

RT-Radar is a real-time beam scheduling framework de-
signed to manage the inherent trade-off between tracking
capacity and accuracy on a single antenna timeline. We aim
to achieve the following two conflicting goals:
G1. Maximizing tracking capacity. RT-Radar maximizes the

number of targets or the MP-weighted sum successfully

tracked while strictly meeting all deadlines and minimum
QoS accuracy requirements.

G2. Maximizing overall tracking accuracy. RT-Radar min-
imizes system-wide tracking error by utilizing available
beam-time slack to shorten periods as much as possible,
without compromising schedulability.

Achieving G1 and G2 simultaneously requires a funda-
mental paradigm shift: tightly integrating job-level maneuver-
aware adaptation within an HRT framework. This integration
elevates the tracking period from an externally determined
input to the critical control knob for actively managing the
capacity/accuracy trade-off. However, as detailed in Sec. I, this
integration faces severe technical challenges T1–T3, stemming
from the conflicts between complex physical dynamics and
stringent real-time constraints. To unlock the full potential of
maneuver-aware adaptation, we must address T1–T3.

B. Architecture and Workflow

The RT-Radar architecture shown in Fig. 4 is a closed-loop
CPS that dynamically optimizes tracking periods by integrat-
ing physical dynamics (target maneuvers) with the cyber state
(beam-time budget). To address T1–T3, RT-Radar comprises
two synergistic modules forming a pipeline from physical
sensing to real-time scheduling decisions. The workflow cycles
continuously, triggered by each beam job’s completion.

Period Adaptation Module (PAM) addresses T1 by trans-
lating real-time physical dynamics into actionable schedul-
ing parameters. Upon completion of Ji,k, it estimates the
target’s real-time acceleration (Sec. IV-A) and leverages the
transformation model in Eq. (1) to determine the dynamic
period bounds Ti,k+1 ∈ [Tmin

i,k+1, T
max
i,k+1] for the subsequent job

Ji,k+1. These bounds are based on the estimated acceleration
and pre-defined system-wide QoS requirements, denoted by
emin and emax, addressing I1. PAM then selects an initial
candidate period T̂i,k+1 within these bounds. Crucially, this
selection employs a proactive asymmetric policy designed
to manage the hysteresis, ensuring rapid stabilization and
immediate resource reclamation (Sec. IV-B).

Real-Time Beam Scheduler (RTBS) addresses T2 and T3
by guaranteeing safe zero-delay reconfiguration and navigating
the non-monotonic optimization space. It receives the initial
candidate periods from PAM and determines the final, optimal
set of periods. To ensure mission criticality during dynamic
workloads, RTBS performs a run-time schedulability analysis
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(Sec. V-B). This analysis verifies both steady-state and tran-
sient schedulability under non-preemptive constraints. Based
on this analysis, RTBS determines the system’s load state and
then invokes the corresponding optimization strategy:
• Underload: If schedulable with T̂i,k+1, the system focuses

on G2 without compromising G1. RTBS utilizes the avail-
able slack to iteratively shorten periods towards Tmin

i,k+1.
• Overload: If overloaded but feasible, the system prioritizes

G1 while minimizing G2 degradation. RTBS iteratively ex-
tends periods towards Tmax

i,k+1 until schedulability is restored.
• Severe-overload: If unschedulable even at Tmax

i,k+1, period
extension is insufficient to restore G1. RTBS invokes an
MP-aware policy, progressively shedding the lowest MP
tasks to ensure predictable degradation.
Navigating this non-monotonic schedulability space to find

the optimal periods is NP-hard. This complexity is exacer-
bated by non-preemptive constraints, which render utilization-
based strategies fundamentally inadequate and unsafe. To
ensure low-latency decision-making, RTBS employs an ef-
ficient, anomaly-aware optimization strategy: the Efficiency-
First (EF) strategy. This strategy, guided by novel efficiency
metrics derived from bottleneck load analysis, explicitly han-
dles anomalies, such as plateaus (Sec. V-C).

IV. MANEUVER-AWARE PERIOD ADAPTATION

This section details how PAM achieves T1, focusing on
real-time acceleration estimation and the asymmetric control
policy for managing the hysteresis.

A. Real-Time Target Acceleration Estimation

The PAM computes a robust, real-time acceleration estimate
ai,k for target τi in O(1) time. The process is triggered im-
mediately after Ji,k completes. We leverage high-fidelity state
estimates from an Interacting Multiple Model (IMM) tracking
filter [39], the standard solution for maneuvering targets.
To bridge the gap between stochastic sensor measurements
and the deterministic nature of our transformation model in
Eq. (1), the filter employs standard Constant Velocity (CV) and
Constant Acceleration (CA) models. Furthermore, we ensure
the filter’s output quality via velocity smoothing (moving
average) to dampen noise and measurement gating based on
residual thresholds to reject outliers. From this robust output,
the PAM utilizes the two most recent state vectors. Let v⃗i,k
and ti,k denote the estimated velocity vector and measurement
time for Ji,k, respectively. The average acceleration vector
a⃗i,k over the interval ∆t ≜ ti,k − ti,k−1 is computed via
finite difference: a⃗i,k ≜ (v⃗i,k − v⃗i,k−1)/∆t. The magnitude
ai,k = ∥a⃗i,k∥ represents the estimated maneuverability.

B. Dynamic Period Bounds and Asymmetric Control

The PAM translates ai,k into scheduling parameters for
Ji,k+1: the dynamic period bounds [Tmin

i,k+1, T
max
i,k+1] and the

initial candidate period T̂i,k+1. This mechanism inverts the
transformation model in Eq. (1) to translate the system-wide
QoS error requirements, emin and emax, into a safe temporal
range, thereby addressing I1. RT-Radar operates with discrete

time slots of duration ∆Tslot. The continuous periods derived
from the model must be discretized while strictly respecting
the QoS constraints. Using the latest acceleration ai,k and the
pre-defined system-wide period limits, denoted by Tmin and
Tmax, the per-job period bounds are computed as follows:

Tmin
i,k+1 = max

(
∆Tslot ·

⌈√
2 · emin/ai,k
∆Tslot

⌉
, Tmin

)
, (2)

Tmax
i,k+1 = min

(
∆Tslot ·

⌊√
2 · emax/ai,k
∆Tslot

⌋
, Tmax

)
. (3)

Rationale for asymmetric control. While the dynamic
bounds define the safe operating range, selecting the initial
candidate period T̂i,k+1 must address the asymmetric error
behavior (hysteresis). This hysteresis stems from the inher-
ent dynamics of adaptive tracking filters such as the IMM.
During maneuver onset (acceleration increase), the filter shifts
probability mass from the non-maneuvering model to the
maneuvering model. The resulting convergence latency and
model mismatch induce significant prediction errors [40]–[42].
Conversely, during maneuver offset (acceleration decrease),
the filter already utilizes the maneuvering model, enabling a
smoother transition and lower errors. Consequently, maneuver
onset demands a much faster stabilization response compared
to maneuver offset, thus necessitating a shorter Ti,k+1.

Asymmetric control algorithm. Relying solely on the
RTBS’s global optimization cannot guarantee the immediate,
localized response required during these critical transient
phases; any delay in stabilization risks track loss before global
optimization converges. Furthermore, prompt resource recla-
mation is essential for efficiency. To address I2, PAM employs
a proactive, O(1) asymmetric control policy. This policy acts
as a local preconditioner, stabilizing the track state locally to
provide the RTBS with a safer and more efficient starting point
for global optimization. The algorithm determines the initial
candidate period T̂i,k+1 using the previously scheduled period
Ti,k and the new bounds defined in Eqs. (2) and (3):

T̂i,k+1 =


Tmin
i,k+1, if Ti,k > Tmax

i,k+1 (Stabilization),
Tmax
i,k+1, if Ti,k < Tmin

i,k+1 (Reclamation),
Ti,k, otherwise (Steady State).

(4)

If the previous period Ti,k exceeds the new maximum safe
bound Tmax

i,k+1, indicating a significant increase in maneuver-
ability during maneuver onset, the policy immediately jumps
to the shortest safe period Tmin

i,k+1 to prioritize safety. Con-
versely, if Ti,k is shorter than the new minimum required
bound Tmin

i,k+1, indicating a significant decrease in maneu-
verability during maneuver offset, the policy immediately
jumps to the longest safe period Tmax

i,k+1 to prioritize efficiency
and reclaim resources. Finally, if Ti,k remains within the
new dynamic bounds, the policy retains the current period.
This localized, proactive approach effectively addresses I2 by
ensuring stability and optimizing efficiency, facilitating the
subsequent global scheduling framework.
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V. SCHEDULING FRAMEWORK FOR RT-RADAR

In this section, we present the RTBS framework, detailing
the solutions for T2 and T3 essential for safe and efficient
real-time beam scheduling.

A. Formal Models

We formalize the system and workload characteristics using
standard real-time calculus notation.

Definition 1 (System and execution model): We model
the STR system as a uniprocessor platform representing the
antenna timeline. The system employs NP-EDF scheduling,
meaning that jobs are prioritized by absolute deadlines and
execute without interruption.

Definition 2 (Task and job model): The system manages a
dynamic set of n beam tasks, T = {τ1, . . . , τn}. Each task τi
has static parameters: execution time Ci and mission priority
(MP) wi. Ci represents the dwell time, which is constant and
predictable, akin to WCET, due to the synchronous processing
architecture of radar systems. τi generates a sequence of jobs
{Ji,k}. The k-th job Ji,k of τi has dynamic parameters: period
Ti,k, release time ri,k, and absolute deadline di,k. We assume
an implicit-deadline model, where Di,k = Ti,k. Temporal
constraints are recursive: ri,k = di,k−1 and di,k = ri,k + Ti,k.

Definition 3 (Maneuver-aware period adaptation model):
We utilize the physics-based model of Eq. (1) for maneuver-
aware adaptation. Upon completion of job Ji,k, the system
estimates the acceleration ai,k. This estimation is used to
determine the scheduling parameters for the subsequent job
Ji,k+1. Given system-wide QoS constraints (emin and emax),
dynamic period bounds [Tmin

i,k+1, T
max
i,k+1] for Ji,k+1 are calcu-

lated as described in Sec. IV-B. The scheduled period Ti,k+1

must satisfy Tmin
i,k+1 ≤ Ti,k+1 ≤ Tmax

i,k+1. The predicted error
for Ji,k+1 is then defined as: êi,k+1 = 1

2ai,kT
2
i,k+1.

Definition 4 (Dynamic reconfiguration model): The system
state evolves through reconfiguration points {tm}. Let Tm
be the active task set during [tm, tm+1). A reconfiguration
point tm+1 occurs only upon a job completion. This constraint
reflects the inherent STR operational flow and is crucial for the
subsequent non-preemptive analysis in Lemma 2. At tm+1, the
system transitions Tm → Tm+1 due to task addition/removal
or period adaptation. An optimization executes to co-optimize
G1 and G2, modeled as the highest priority task deferring
beam execution. Its WCET, denoted by COP, depends on the
specific optimization path (COP

under, C
OP
over, C

OP
severe), as detailed in

Sec. V-D. We employ the zero-delay update rule to apply the
resulting optimal periods {T OP

i }. Let Ji,e be the earliest pend-
ing or unreleased job of τi. Upon optimization completion, its
absolute deadline is immediately updated: di,e = ri,e + T OP

i,e .

B. Schedulability Analysis

To address T2, we develop a schedulability analysis that
accounts for both steady-state and transient dynamics under
NP-EDF. Our analysis builds upon the established condition
for conventional STR systems with pre-defined static periods.

Lemma 1 (Static NP-EDF schedulability, from [43]): Con-
sider a set of implicit-deadline periodic tasks T = {τi =
(Ci, Ti)}ni=1, indexed in non-decreasing order of periods. T
is schedulable under NP-EDF, if the NP-EDF load Lh for
every τh satisfies:

∀h
h=1,...,n

Lh = Uh +Bh ≤ 1, (5)

where Uh =
∑h

i=1
Ci

Ti
is the utilization load, and Bh = Bh

Th

is the blocking load, with Bh = max({0} ∪ {Ci | Ti > Th})
being the maximum blocking time for τh.

Proof: We prove by contradiction. Suppose a deadline
miss occurs at time t0. Consider the longest interval of length
L ending at t0, during which the processor continuously
executes jobs with deadlines no later than t0, except possibly
for one blocking job executing at the beginning of the interval
with a deadline strictly after t0. The total processor demand
W (L) within this interval comprises: (i) the execution time
of jobs released and having deadlines within the interval, and
(ii) the execution time of the blocking job (if any). Since the
blocking job has a deadline after t0 and is already executing at
t0−L, its release time must precede t0−L; under the implicit-
deadline model, this implies its period satisfies Ti > L. Let h
be the largest task index satisfying Th ≤ L, so the blocking
job’s period exceeds Th and its execution time is bounded by
Bh. The demand is thus bounded by:

W (L) ≤
h∑

i=1

⌊
L

Ti

⌋
Ci +Bh.

A deadline miss implies W (L) > L. Applying the inequality
⌊x⌋ ≤ x, we obtain L < L ·

∑h
i=1

Ci

Ti
+ Bh = L ·Uh + Bh.

Dividing by L and using Th ≤ L yields 1 < Uh + Bh

L ≤
Uh + Bh

Th
= Uh +Bh, which contradicts Eq. (5).

While Lemma 1 verifies steady-state schedulability, it is in-
sufficient for RT-Radar. Def. 4 implies that immediate deadline
alterations can induce a transient overload that static analysis
misses. We therefore develop a novel transient analysis to
guarantee safety during these dynamic reconfigurations.

Lemma 2 (Transient NP-EDF schedulability): Consider
a transition from a schedulable task set Tm to Tm+1 at
tm+1, incurring WCET overhead COP corresponding to the
optimization path taken. Let tOPm+1 = tm+1 +COP be the time
when beam execution resumes. For each task τi ∈ Tm+1, let
Di = di,e − tOPm+1 be the residual deadline of Ji,e relative
to tOPm+1, and EDi = min(Di, Ti) be its effective deadline.
Assuming tasks are indexed in non-decreasing order of Di,
the system remains schedulable after the transition if:

1) (Immediate safety) ∀i : Di > 0,
2) (Steady-state safety) Tm+1 satisfies Eq. (5), and
3) (Transient safety) The transient load TLh for τh satisfies:

∀h
h=1,...,n

TLh =

h∑
i=1

Ci

EDi
≤ 1. (6)

Proof: We prove by contradiction. Condition 1 guarantees
that no deadline miss occurs during the optimization interval
[tm+1, t

OP
m+1]. Assume the conditions hold, yet a deadline miss
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occurs at time t > tOPm+1. Following the standard busy interval
analysis [43], let t′ be the latest time before t such that there
are no pending requests arriving before t′ with deadlines at
or before t. Crucially, Def. 4 ensures that no non-preemptive
blocking is carried over from Tm into the interval [tm+1, t].

i) Case 1 (t′ ≥ tOPm+1): The interval is entirely governed by
Tm+1. A deadline miss implies that Tm+1 violates the static
condition, which contradicts Condition 2.

ii) Case 2 (t′ < tOPm+1): Since Tm was schedulable and COP

executes at the highest priority per Def. 4, the overload must
be induced by Tm+1 starting at tOPm+1. Let δ = t − tOPm+1. A
deadline miss implies that the total processor demand W (δ)
strictly exceeds δ. This demand is generated by tasks in Tm+1

whose residual deadlines satisfy Di ≤ δ. Let h be the largest
task index such that Dh ≤ δ. The demand is bounded by:

W (δ) ≤
h∑

i=1

(⌊
δ −Di

Ti

⌋
+ 1

)
Ci.

If W (δ) > δ, applying the inequality ⌊x⌋ ≤ x yields a
necessary condition for the deadline miss:

δ <

h∑
i=1

(
δ −Di

Ti
+ 1

)
Ci.

Dividing both sides by δ and rearranging terms yields:

1 <

h∑
i=1

(
1 +

Ti −Di

δ

)
Ci

Ti
.

We analyze the contribution of each task τi:
• If Di ≤ Ti (pending job): Since Di ≤ δ,(

1 +
Ti −Di

δ

)
Ci

Ti
≤
(
1 +

Ti −Di

Di

)
Ci

Ti
=

Ci

Di
.

• If Di > Ti (unreleased job):(
1 +

Ti −Di

δ

)
Ci

Ti
<

Ci

Ti
.

Combining these bounds yields:

1 <

h∑
i=1

Ci

min(Di, Ti)
=

h∑
i=1

Ci

EDi
,

which contradicts Condition 3.

By integrating the static (Lemma 1) and transient
(Lemma 2) conditions, we establish the rigorous schedulability
theorem for dynamic RT-Radar, effectively addressing T2.

Theorem 1 (Dynamic NP-EDF schedulability): A system
characterized by the dynamic reconfiguration model (Def. 4)
undergoing transitions {Tm → Tm+1} is schedulable for all
time t ≥ t0 if:

1) The initial task set T0 satisfies Lemma 1, and
2) Every transition at tm+1 (m ≥ 0), satisfies Lemma 2.

Proof: By induction on m. Base case (m = 0) holds by
Condition 1. Assuming the system is schedulable up to tm+1,
Condition 2 guarantees the schedulability of Tm+1 after tm+1.
Thus, the system remains schedulable.

C. Optimization Strategy

The RTBS addresses T3 by determining the optimal periods
at each reconfiguration point tm, subject to Theorem 1. This
subsection formalizes the optimization problem, analyzes its
complexity, and develops an efficient optimization strategy.

Definition 5 (RTBS optimization problem, RTBSOP): At
every reconfiguration point tm, given T = {τi} and current
accelerations {ai}. Let Pi be the discrete periods available
for Ti within [Tmin

i , Tmax
i ]. RTBSOP seeks a period vector

T = (T1, . . . , Tn) minimizing the system-wide average pre-
dicted tracking error E(T), subject to:

1) Period selection: ∀i : Ti ∈ Pi.
2) Schedulability: T with periods T satisfies Theorem 1.

The objective function E(T) is defined as:

E(T) = 1
n

n∑
i=1

(êi(T)) . (7)

We now establish the computational intractability and struc-
tural properties of this problem.

Lemma 3: The RTBSOP is NP-hard.
Proof: We prove this lemma by restriction to the Multiple-

Choice Knapsack Problem (MCKP), which is known to be
NP-hard [44]. Consider an instance of RTBSOP relaxed to
a simple utilization bound (

∑n
i=1 Ci/Ti ≤ 1). This requires

selecting one period Ti ∈ Pi (item) per task (group) such
that total utilization (weight) is bounded while minimizing
E(T) (maximizing value). This is equivalent to MCKP. Since
a restriction is NP-hard, RTBSOP is also NP-hard.

The NP-hardness of RTBSOP necessitates an efficient strat-
egy. We analyze the structural properties of the objective
function and constraints to design an effective greedy heuristic.

Lemma 4 (Convexity of error vs. utilization): The predicted
tracking error êi of a task τi is a strictly convex function of
its utilization Ui = Ci/Ti.

Proof: Expressing error in terms of utilization: êi(Ui) =
1
2ai(

Ci

Ui
)2 = kiU

−2
i , where ki =

1
2aiCi

2. The second deriva-
tive d2êi

dU2
i

= 6kiU
−4
i is strictly positive since ki > 0 and

Ui > 0. Thus, êi(Ui) is strictly convex.

While Lemma 4 suggests gradient-based approaches due to
the well-behaved objective function, the NP-EDF constraints
introduce significant complexity. Safely optimizing T requires
analyzing the impact of period changes on the individual load
metrics defined in Lemma 1. Crucially, the interaction be-
tween utilization Uh and blocking Bh loads behaves counter-
intuitively when periods, and thus EDF priorities, change.

Lemma 5 (Non-monotonicity of individual NP-EDF load):
Let Lh(T) = Uh(T) + Bh(T) denote the NP-EDF load
metric for τh under T. Lh(T) is non-monotonic with respect
to changes in periods T → T′.

Proof: We prove by counterexample. Period changes can
alter the period-based sorted order required by Lemma 1, caus-
ing discontinuous changes in the load metric. Consider T with
T: τ1 = (3, 15), τ2 = (4, 15), τ3 = (5, 20). Initially, T1 =
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T2 < T3. The load for τ2 is L2(T) = (3/15+4/15)+(B2/15).
B2 = C3 = 5. Thus, L2(T) = 12/15 = 0.8. Now, reduce
τ2’s period to T ′

2 = 14. The new order is T ′
2 < T1 < T3.

The load for τ2 becomes L2(T
′) = (4/14) + (B′

2/14).
B′

2 = max(C1, C3) = 5. Thus, L2(T
′) = 9/14 ≈ 0.643.

Although the utilization of τ2 increased, its individual NP-
EDF load decreased due to the period-based reordering. Thus,
the NP-EDF load metric is non-monotonic.

Lemma 5 reveals the critical challenge for RTBSOP: the
load of an individual task can behave anomalously due to
period-based reordering. This complexity invalidates conven-
tional optimization strategies. Utilization-based approaches are
inherently unsafe as they ignore non-preemptive blocking.
Furthermore, strategies relying on localized load metrics are
unreliable; due to global shifts in the period-based sorted
order, a locally optimal move may paradoxically increase the
system’s bottleneck load. To ensure safe optimization, we
must focus on the metric that defines the actual schedulability
boundary of the entire system.

Definition 6 (System bottleneck load): The system bottle-
neck load LB(T) under period vector T is the maximum
NP-EDF load metric across all tasks: LB(T) = max

h
Lh(T).

The system is schedulable in steady-state if LB(T) ≤ 1.
Therefore, LB(T) is the definitive measure that guides our
optimization strategy. Crucially, while individual loads Lh(T)
are non-monotonic, LB(T) behaves more predictably.

Lemma 6 (Monotonicity and plateaus of LB(T)): The
system bottleneck load LB(T) is monotonic with respect to
changes in period T → T′. However, LB(T) is not strictly
monotonic; period changes may not change LB(T), resulting
in plateau regions.

Proof: The schedulability condition of Lemma 1 is sus-
tainable. Therefore, decreasing utilization through a longer pe-
riod cannot degrade the system’s overall schedulability margin.
Since LB(T) represents this margin, it must monotonically
decrease or stay the same. To show that plateaus exist, consider
T with T: τ1 = (3, 10), τ2 = (5, 15). L1(T) = 3/10+5/10 =
0.8, and L2(T) = 3/10 + 5/15 ≈ 0.633, yielding LB(T) =
0.8. If we extend τ2’s period to T ′

2 = 20, L1(T
′) = 0.8 and

L2(T
′) = 0.55, yielding LB(T

′) = 0.8. Utilization decreased,
but the bottleneck load remained unchanged.

Lemma 6 guarantees that the optimization process is stable,
meaning no backward moves occur, but the existence of
plateaus introduces two critical anomalies that we must explic-
itly handle to ensure efficiency and convergence of RTBSOP.
• “Free Lunch” (FL) anomaly: A period reduction improves

accuracy without increasing the bottleneck load.
• “Ineffective Move” (IM) anomaly: A period extension de-

grades accuracy without decreasing the bottleneck load.
To effectively co-optimize G1 and G2, we design a novel

greedy Efficiency-First (EF) strategy. This strategy requires
carefully defined metrics that quantify the trade-off between
the objective function E(T) and the constraint of system
bottleneck load LB(T). The goal is to achieve the maximum

improvement in E(T) relative to the increase in LB(T) during
underload, or the maximum reduction in LB(T) relative to
the degradation in E(T) during overload. Furthermore, these
metrics must explicitly handle FL and IM anomalies to ensure
local optimality and guarantee convergence.

Definition 7 (Efficiency metrics): Let T′(i) be the period
vector resulting from changing τi’s period by a single step
∆Tslot. We define the changes in predicted error ∆ê(i) and
bottleneck load ∆LB(i):
• ∆ê(i) = êi(T

′(i))− êi(T), ∆LB(i) = LB(T
′(i))− LB(T).

We define the benefit βi and cost γi with state-dependent
semantics. Although their specific formulations differ across
regimes (distinguished by ·̄ for underload and ·̃ for overload),
they consistently represent the algorithmic gain and penalty for
the optimization objective. This establishes a unified efficiency
metric ηi designed to explicitly handle anomalies:
• Underload (period reduction): Maximizing accuracy.

β̄i = −∆ê(i) (error reduction), γ̄i = ∆LB(i) (load increase),

TFL = {τi ∈ T | γ̄i = 0} (set of FL moves),

η̄i =

β̄i, if TFL ̸= ∅ and τi ∈ TFL (prioritize FL),
−∞, if TFL ̸= ∅ and τi /∈ TFL (exclude non-FL),
β̄i/γ̄i, if TFL = ∅ (maximize efficiency);

(8)

• Overload (period extension): Restoring schedulability.

β̃i = −∆LB(i) (load reduction), γ̃i = ∆ê(i) (error increase),

TPM = {τi ∈ T | β̃i > 0} (set of productive moves),

η̃i =

β̃i/γ̃i, if TPM ̸= ∅ and τi ∈ TPM (maximize efficiency),
−∞, if TPM ̸= ∅ and τi /∈ TPM (exclude IM),
1/γ̃i, if TPM = ∅ (minimize error for convergence).

(9)

These metrics ensure progress: FL moves are prioritized
during underload, and the strategy minimizes the error cost to
escape the plateau if stuck in an IM-only state during overload.

Efficient incremental load calculation. Calculating the
bottleneck load change ∆LB is computationally intensive
because a local period adjustment for τi globally alters the
period-based sorted order required by Lemma 1, potentially
affecting the utilization Uj and blocking Bj loads of other
tasks τj (Lemma 5). While a full recomputation of all loads
Lj incurs O(n2) time, RTBS employs an efficient O(n) incre-
mental approach to enable low-latency run-time optimization.

At each reconfiguration point tm, we first establish the full
baseline for both Lh and TLh. This initialization is mandatory
because the active task set evolves and Di depends on the spe-
cific tOPm+1. Subsequent evaluations of candidate periods utilize
incremental logic based on the shift in relative indices within
the sorted list. For the static schedulability test in Lemma 1,
tasks are indexed by non-decreasing period. Consider a period
reduction for τi (Ti → T ′

i , where T ′
i = Ti − ∆Tslot). The

impact on τj depends on its period Tj relative to Ti and T ′
i :

• Tasks with larger periods (Ti ≤ Tj): The index of τi remains
smaller than that of τj . Uj increases due to the increased
utilization of τi. Bj remains unchanged.
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∆Uj(i) =
Ci(Ti − T ′

i )

TiT ′
i

, ∆Bj(i) = 0.

• Tasks with smaller periods (Tj < T ′
i ): The index of τi

remains larger than that of τj . Both Uj and Bj remain
unchanged.

∆Uj(i) = 0, ∆Bj(i) = 0.

• Tasks with intermediate periods (T ′
i ≤ Tj < Ti): The index

of τi shifts from larger to smaller than that of τj . This
changes both Uj (as τi is now included) and Bj (as the
set of blocking tasks changes).

∆Uj(i) =
Ci

T ′
i

, ∆Bj(i) =
max({0} ∪ {Ca | Ta > Tj})

Tj
−Bj

Tj
.

• Self-impact (j = i): The position shift affects which tasks
are included in Ui and Bi.

∆Ui(i) =
Ci(Ti − T ′

i )

TiT ′
i

−
∑

T ′
i<Ta≤Ti

Ca

Ta
,

∆Bi(i) =
max({0} ∪ {Ca | Ta > T ′

i})
T ′
i

− Bi

Ti
.

The rules for period extension are symmetric. Similarly, the
transient load change ∆TLj follows the same logical structure
by substituting the period T with the residual deadline D. No-
tably, to strictly bound the complexity to O(n), we explicitly
maintain the Bj values using a suffix-maximum array within
the period-sorted task list. Upon a task’s period change, a
single reverse pass updates the suffix maximums strictly within
the affected range, thereby eliminating the need to re-scan the
entire list. In contrast, since TLh in Eq. (6) is a cumulative
sum without blocking terms, updates are propagated linearly
to affected tasks in O(n) by maintaining tasks sorted by D.

By deriving these incremental changes for static ∆Uj ,∆Bj

and transient ∆TLj load metrics, we efficiently update all
affected loads. This approach applies to both period changes
and task admission/shedding, enabling determination of the
new LB in O(n) time. Based on the efficiency metrics and
incremental load calculation, we define our greedy EF strategy.

Definition 8 (Efficiency-First (EF) strategy): The EF strategy
selects the task that maximizes the efficiency metric ηi in
Def. 7, aiming to minimize the average tracking error E(T):

τEF = argmax
i

{ηi}. (10)

We now establish the local optimality of this strategy in
navigating the complex optimization space characterized by
convexity in Lemma 4 and non-monotonicity in Lemma 5.

Lemma 7 (Local optimality and convergence of EF): The
EF strategy is locally optimal for minimizing E(T) in a single
iteration of period adjustment and guarantees convergence to
a schedulable solution.

Proof: (i) Local optimality: the objective is to optimize
E(T) relative to LB(T). By Lemma 4, maximizing the ratio
βi/γi corresponds to the steepest descent for E(T) during
underload and the gentlest ascent during overload. Def. 7

Algorithm 1 Real-time beam scheduler (RTBS)

1: Input: T , T̂ Output: T ∗, T∗

2: if (T , T̂) satisfies Theorem 1 with COP
under then

3: T∗ ← AccuracyMaximization(T , T̂); T ∗ ← T ▷ Alg. 2
4: else
5: Tmax ← {Tmax

i | τi ∈ T }
6: if (T ,Tmax) satisfies Theorem 1 with COP

over then
7: T∗ ← CapacityMaximization(T , T̂); T ∗ ← T ▷ Alg. 3
8: else
9: (T ∗,T∗)← MPawareShedding(T ,Tmax) ▷ Alg. 4

10: end if
11: end if
12: return (T ∗,T∗)

Algorithm 2 Accuracy maximization (for underload)

1: Input: T , T̂ Output: T∗

2: T∗ ← T̂
3: while True do
4: Tnext ← null
5: C ← {τi ∈ T | T ∗

i −∆Tslot ≥ Tmin
i }; S ← ∅; TFL ← ∅

6: for all τi ∈ C do
7: T′ ← T∗ with T ′

i = T ∗
i −∆Tslot

8: if (T ,T′) satisfies Theorem 1 with COP
under then

9: Calculate β̄i, γ̄i by Eq. (8)
10: if γ̄i = 0 then TFL ← TFL ∪ {τi}
11: end if
12: S ← S ∪ {(τi,T′, β̄i, γ̄i)}
13: end if
14: end for
15: if S ̸= ∅ then
16: Calculate η̄i for τi ∈ S by Eq. (8)
17: (τEF,T

′
EF)← argmaxτi∈S{η̄i}; Tnext ← T′

EF

18: end if
19: if Tnext ̸= null then T∗ ← Tnext
20: else break
21: end if
22: end while
23: return T∗

explicitly prioritizes FL moves, which provide the maximum
benefit β̄i at zero cost. This prioritization ensures that the
locally optimal move is always selected. (ii) Convergence:
during overload, if TPM ̸= ∅, EF selects a move that strictly
reduces LB(T). If stuck on an IM-only state where TPM = ∅,
EF selects the move that minimizes the error increase γ̃i
(equivalent to maximizing 1/γ̃i). This guarantees a change
in the system configuration T, enabling the strategy to escape
the plateau and eventually reach a schedulable state.

D. RTBS Algorithms

This subsection details the RTBS algorithms, demonstrating
how the schedulability analysis in Sec. V-B and the bottleneck-
guided optimization strategy in Sec. V-C are integrated.

Algorithm 1. The RTBS orchestrates the optimization pro-
cess at each reconfiguration point. It determines the system’s
load state using Theorem 1 to ensure strict adherence to
HRT constraints. It assesses the initial configuration using
COP

under (Line 2), and the maximum feasible capacity using
COP

over (Line 6). Based on this assessment, RTBS invokes
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Algorithm 3 Capacity maximization (for overload)

1: Input: T , T̂ Output: T∗

2: T∗ ← T̂
3: while (T ,T∗) violates Theorem 1 with COP

over do
4: C ← {τi ∈ T | T ∗

i +∆Tslot ≤ Tmax
i }, S ← ∅; TPM ← ∅

5: for all τi ∈ C do
6: T′ ← T∗ with T ′

i = T ∗
i +∆Tslot

7: Calculate β̃i, γ̃i by Eq. (9)
8: if β̃i > 0 then TPM ← TPM ∪ {τi}
9: end if

10: S ← S ∪ {(τi,T′, β̃i, γ̃i)}
11: end for
12: Calculate η̃i for τi ∈ S by Eq. (9)
13: (τEF,T

′
EF)← argmaxτi∈S{η̃i}; T∗ ← T′

EF

14: end while
15: return T∗

Algorithm 4 MP-aware shedding (for severe-overload)
1: Input: T , Tmax Output: T ∗, T∗

2: T ∗ ← T , T∗ ← Tmax

3: Tsorted ← sort tasks in T by ascending MP (wi)
4: for all τshed ∈ Tsorted do
5: if (T ∗,T∗) satisfies Theorem 1 with COP

severe then break
6: end if
7: T ∗ ← T ∗ \ {τshed}; T∗ ← Tmax for tasks in T ∗

8: end for
9: return (T ∗,T∗)

the appropriate subroutine: accuracy maximization, capacity
maximization, or MP-aware shedding (Algorithms 2, 3, or 4).

Algorithm 2. When underloaded, the algorithm maximizes
accuracy by iteratively reducing periods in discrete steps
∆Tslot using the EF strategy. In each iteration, it evaluates
all feasible period reductions using the O(n) incremental load
calculation, verifying safety with COP

under (Lines 6–9). Crucially,
it identifies “Free Lunch” (FL) moves where γ̄i = 0 (Line 10).
The efficiency metric calculation in Eq. (8) strictly prioritizes
FL moves. If multiple FL moves exist, it maximizes the
benefit β̄i. Otherwise, it selects the move maximizing the error
reduction to load increase ratio β̄i/γ̄i, ensuring the steepest
descent of E(T) as established in Lemma 7 (Lines 16–17).

Algorithm 3. When overloaded, the algorithm restores
schedulability by iteratively extending periods in discrete steps
∆Tslot until Theorem 1 with COP

over is satisfied (Line 3). The EF
strategy addresses the critical challenge of “Ineffective Moves”
(IM). It identifies productive moves TPM that genuinely reduce
the bottleneck load, where β̃i > 0 (Line 8). The efficiency
metric η̃i in Eq. (9) strictly focuses on TPM if available,
maximizing the load reduction to error increase ratio β̃i/γ̃i.
Critically, if trapped in an IM-only state (i.e., TPM = ∅), η̃i
maximizes 1/γ̃i—minimizing the error increase—to escape
the plateau (Lines 12–13). This guarantees convergence by
escaping the plateau deadlock, as established in Lemma 7.

Algorithm 4. If the system remains unschedulable even at
maximum periods Tmax (i.e., severely-overloaded), this algo-
rithm ensures predictable degradation. It systematically sheds
tasks in ascending order of MP (Line 3) until a schedulable
subset is identified using Theorem 1 with COP

severe (Line 5),
guaranteeing the schedulability of critical tasks.

TABLE I: Maximum observed overhead of RTBSEF (ms)

n Kunder Kactual
under COP

under Kover Kactual
over COP

over COP
severe

60 2525 1000 34.06 1468 28 1.09 0.00
70 2943 1121 41.27 1748 47 2.12 0.00
80 3360 954 37.59 1979 96 4.80 0.10
90 3055 692 28.38 2192 162 8.63 1.02

100 2027 635 23.91 2384 208 12.06 3.13

We conclude this section by analyzing the theoretical prop-
erties and run-time complexity of the RTBS algorithm.

Theorem 2 (Termination and correctness): The RTBS algo-
rithm (Algorithm 1) terminates in a finite number of steps and
guarantees that the resulting task set T ∗ and period vector T∗

are schedulable under NP-EDF.
Proof: (i) Termination: The search space Pi is finite

and bounded. In Algorithms 2 and 3, periods strictly move
towards Tmin

i and Tmax
i , respectively. Since the periods move

monotonically within a finite space, the algorithms terminate.
(ii) Schedulability guarantee: RTBS verifies Theorem 1 at
every decision point. Algorithm 2 only accepts schedulable
moves. Algorithm 3 terminates upon restoring schedulability.
Algorithm 4 constructs a schedulable subset.

Run-time complexity. Let K =
∑n

i=1 |Pi| be the total
discrete period steps. The core operation is evaluating a
configuration change. The O(n) incremental load calculation
efficiently evaluates changes in both static and transient load
metrics, reduced from O(n2). In Algorithms 2 and 3, the
EF strategy evaluates up to n candidates, resulting in O(n2)
complexity per iteration. Bounded by K iterations, their com-
plexity is O(K ·n2). Algorithm 4 takes O(n2) time, leveraging
the O(n) incremental calculation across at most n steps. Thus,
the overall worst-case time complexity is O(K · n2).

VI. EVALUATION

This section evaluates the performance and real-time feasi-
bility of the RT-Radar framework and quantifies the improve-
ments in co-optimizing G1 and G2.

A. Experimental Setup

Platform and scenarios. We conducted experiments on a
computer with an Intel Xeon D-2796NT CPU @ 2.00GHz
and 64GB RAM. We utilized the high-fidelity PAR simulator
introduced in Sec. II-B, which precisely integrates the realistic
physical dynamics with the operational software stack. The
base time resolution is 0.6ms. To evaluate adaptability under
dynamic workloads, we designed challenging scenarios. Dwell
times Ci are uniformly distributed in [0.6, 6.0]ms. Tracking
periods Ti adapt within [0.1, 1.0] s (∆Tslot ≈ 10ms). To
guarantee safety per Lemma 2, we set the WCET bounds
{COP

under, C
OP
over, C

OP
severe}={45, 15, 5}ms, conservatively covering

the maximum observed overheads, as shown in Table I.
Mission priorities (wi ∈ [1, 10]) are assigned based on maxi-
mum acceleration capability, reflecting criticality. To stress-test
adaptation, we employed a Jerk-limited model [45] based on
live-target testing data to generate realistic high-g trajectories:
aircraft (5 g–10 g) and ballistic missiles (20 g–50 g). To assess
scalability and performance under varying workloads, we
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Fig. 5: Performance comparison: tracking capacity (G1) and accuracy (G2) under varying workloads.

varied the number of targets n from 10 to 100. Each data point
is the average of 100 independent Monte Carlo simulations.

Methodology and comparisons. For G1, we evaluate the
tracking success ratio (TSR) and total mission utility (TMU),
defined as the sum of wi of successful tracks. For G2, we
evaluate the normalized system-wide average actual tracking
error Eactual

avg and the total utilization Usum =
∑n

i=1
Ci

Ti
. Eactual

avg
aligns with the optimization objective in Def. 5 and represents
the measured performance, distinct from the predicted error
used for scheduling. We compare the following approaches to
isolate the contributions of PAM and RTBS:
• Conventional RRM algorithms using pre-defined static pe-

riods [6]–[10]: WMDD, WEDD, and WLST.
• A dynamic baseline implementing only PAM without the

RTBS’s EF strategy: RTBSbase.
• The complete RT-Radar framework, integrating PAM with

the RTBS’s EF strategy: RTBSEF.
We also conduct an ablation study comparing the asymmetric
control policy against a symmetric policy that ignores I2.

B. Experimental Results
Tracking capacity (G1). Figs. 5(a) and (b) demonstrate

the substantial improvements in TSR and TMU achieved
through the synergy of maneuver-aware adaptation and the EF
optimization strategy, particularly during overload and severe-
overload conditions. Conventional baselines degrade rapidly as
n increases. RTBSbase initially outperforms these baselines by
adapting utilization to real-time maneuverability. However, its
performance collapses during severe-overload (n ≥ 70) due
to the lack of global coordination, dropping to 33.2% TSR
at n=100. In contrast, RTBSEF consistently delivers superior
performance across all load conditions. At n=90, RTBSEF
achieves a 98.9% TSR, representing a significant 27.3% higher
success ratio compared to the best baseline, WLST, which
achieved 77.7%. This optimized capacity directly translates
to higher mission utility; at n=90, RTBSEF achieves a TMU
of 348.4, which is 16.6% higher than the best baseline, WLST
(298.8), and 42.8% higher than RTBSbase (243.9). This diver-
gence highlights the critical role of the RTBS optimization. By
efficiently redistributing the beam-time budget (Algorithm 3)
and ensuring predictable degradation (Algorithm 4), RTBSEF
unlocks the full potential of dynamic adaptation. Furthermore,
this optimization operates safely near the analytical schedula-
bility boundary established by the rigorous run-time analysis.

Since exact NP-EDF evaluation is computationally prohibitive
for online execution, a sufficient test is the only viable path
to HRT guarantees. Despite this inherent conservativeness,
RTBSEF effectively compensates for it via substantial capacity
gains. Consequently, the reported TSR represents a guaranteed
lower bound, confirming a broader true schedulability region.

Tracking accuracy (G2). Crucially, RT-Radar achieves this
higher capacity while simultaneously delivering superior track-
ing accuracy, as shown in Fig. 5(c). RTBSbase significantly
reduces error compared to conventional baselines by dynami-
cally ensuring minimum QoS requirements are met. At n=40,
RTBSbase achieved an error of 0.707, representing a 23.7%
reduction in Eactual

avg compared to the best baseline WLST, which
had an error of 0.926. RTBSEF dramatically amplifies these
gains, reducing Eactual

avg to 0.368. This constitutes a significant
60.3% reduction compared to WLST, and a further 47.9% re-
duction over RTBSbase. This substantial improvement in accu-
racy is directly attributable to RTBSEF’s aggressive utilization
of the available beam-time budget to shorten tracking periods,
as illustrated in Fig. 5(d). During underload at n=50, RTBSEF
achieves a total utilization of 86.6%, utilizing 41.4 percentage
points more beam-time than WLST (45.2%). This demonstrates
the framework’s effectiveness in translating utilized slack into
more frequent updates, thereby enhancing tracking fidelity. It
is critical to recognize that aggressively maximizing utilization
under NP-EDF is inherently unsafe without formal guarantees
due to non-monotonic behavior. This co-optimization is en-
abled by the RTBS’s sophisticated handling of non-preemptive
complexities. The accuracy gains stem specifically from how
the EF strategy manages the non-monotonic nature of the
NP-EDF load. Guided by system bottleneck load analysis,
the anomaly-aware efficiency metrics drive the optimization
effectively across all workload conditions.

Effectiveness of asymmetric control. We conducted an
ablation study to isolate the impact of the asymmetric con-
trol policy in handling hysteresis. As shown in Fig. 6, the
symmetric policy results in severe tracking degradation during
the maneuver onset phase (acceleration increase; upper path).
Due to the tracking filter’s convergence latency (Sec. IV-B),
the symmetric policy reacts slowly, gradually reducing the
period. This delay causes rapid error accumulation, peaking
at the maximum normalized error (1.0) at only 3.25 g for the
aircraft. In contrast, the asymmetric policy employs aggressive
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Fig. 6: Ablation study: asymmetric vs. symmetric control.

stabilization, immediately switching to the shortest safe period
(e.g., aircraft: 1.0s → 0.37s). This proactive response effec-
tively stabilizes the track; at 3.25 g, the error is only 0.156—
an 84.4% reduction. This immediacy also reduces adaptation
frequency (1 vs. 8 reconfigurations). During the offset phase
(lower path), the immediate reclamation demonstrates superior
resource efficiency. For the aircraft at 1.5 g, the policy instantly
jumped from 0.37s to 0.97s, reclaiming 61.8% of the beam-
time, while the symmetric policy lagged at 0.4s.

Robustness to estimation errors. We analyzed the sys-
tem’s sensitivity to acceleration estimation errors from the
IMM filter. The transformation model inherently dampens this
measurement noise, as T ∝ a−0.5. Thus, a conservative 10%
overestimation of acceleration translates to merely a 4.6%
reduction in the continuous period. Given ∆Tslot ≈ 10ms, this
reduction rarely alters the assigned discrete period. The worst-
case impact occurs only if such noise forces a task with the
maximum 6.0ms dwell time to cross a quantization boundary
(e.g., 110ms → 100ms). This increases the task’s utilization
by 6.0/100− 6.0/110, adding a negligible 0.0055 to LB(T).
This mathematically bounded variation confirms RT-Radar’s
robustness against stochastic measurement uncertainties.

Real-time feasibility. We validated the real-time feasibility
of RTBSEF to ensure strict adherence to HRT constraints.
While the theoretical worst-case time complexity is O(K ·n2),
the actual run-time exhibits highly load-dependent and self-
limiting behavior. Table I details the maximum observed over-
head COP, total search space K, and actual iterations Kactual

for each optimization path across varying workloads. The
results empirically demonstrate the EF strategy’s efficiency;
notably, Kactual

under remains significantly smaller than Kunder,
representing only 22.7% at n = 90, which confirms rapid
convergence far below the theoretical bound. Crucially, COP

under
behaves non-monotonically, peaking at 41.27ms at n = 70
and subsequently decreasing for n ≥ 80. This peak marks a
saturation point where a large task set and sufficient slack per-
mit extensive optimization iterations. Two synergistic factors
drive this counter-intuitive reduction: (i) tighter schedulability
constraints that drastically prune the search space, reducing
Kactual

under by 43.4% at n = 100 relative to the peak, and (ii) a
reduced active task set via MP-aware shedding. This behavior
demonstrates that RTBSEF naturally bounds the optimization
overhead even under severe workloads, thereby explicitly ver-
ifying that task shedding is driven strictly by physical capacity

limits rather than algorithmic overhead. Furthermore, COP
over and

COP
severe remain significantly lower, peaking at 12.06ms and

3.13ms, respectively, ensuring rapid restoration of feasibility.
Consequently, these measurements validate the conservative
safety bounds of 45, 15, and 5ms established in Sec. VI-A,
confirming that RT-Radar guarantees rigorous run-time safety.

VII. RELATED WORK

The prevailing RRM paradigm, spanning optimization mod-
els [1]–[5], heuristics [6]–[15], and analytical schemes [16]–
[19], treats tracking periods as static inputs or pre-defined
bounds. By fixing periods, these approaches preclude direct
run-time optimization of the fundamental capacity/accuracy
trade-off. Recent adaptive policies exhibit limitations. Rule-
driven approaches [6], [14], [46] are coarse-grained, fail-
ing to capture fine-grained, asymmetric maneuver dynamics.
Learning-based schedulers [47]–[49] lack the predictability for
formal HRT guarantees. Furthermore, even non-preemptive
admission control [16] relies on static, worst-case reservations.
Crucially, existing RRM literature has not simultaneously
addressed both online period optimization based on real-time
maneuverability and formal verification of the transient safety
during the resulting continuous reconfigurations.

This dual challenge, addressed by RT-Radar, exposes a
fundamental gap in the real-time systems literature. Existing
research fails to address the unique constraints inherent to
STR systems: non-preemptivity, continuous reconfigurations,
and immediate HRT adaptation. Elastic scheduling and exact
EDF analysis [50]–[55] focus on online admission control or
utilization balancing; they do not verify transient safety during
continuous reconfiguration under NP-EDF. MCPs [20]–[23],
designed for discrete mode transitions, introduce inherent
coordination delays that are incompatible with the immediate
adaptation. Consequently, a critical gap remains in verifying
the safety of immediate, zero-delay reconfiguration under non-
preemptive scheduling, a challenge rooted in the NP-hardness
of the underlying optimization problem [32].

VIII. CONCLUSION

This paper addresses the fundamental challenge of co-
optimizing tracking capacity and accuracy in STR systems.
We presented RT-Radar, a novel real-time beam scheduling
framework that achieves maneuver-aware period adaptation
while providing formal HRT guarantees under non-preemptive
constraints. RT-Radar integrates a closed-loop CPS design
featuring: (i) an asymmetric control policy that proactively
manages hysteretic tracking dynamics; (ii) a transient schedu-
lability analysis for NP-EDF that formally guarantees the
safety of zero-delay reconfiguration; and (iii) an anomaly-
aware optimization strategy, guided by bottleneck load anal-
ysis, to navigate the non-monotonic schedulability space.
Evaluation on an industrial-grade high-fidelity PAR simulator
demonstrated that RT-Radar significantly outperforms estab-
lished RRM algorithms. Future work includes extending this
framework to multi-function radar systems and exploring joint
optimization of beam scheduling and waveform adaptation.
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