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Abstract—The growing proliferation of unmanned aerial ve-
hicles (UAVs) has intensified security concerns, particularly
from high-speed unauthorized flights in restricted airspaces.
Conventional detection methods based on radar, acoustic, vision,
and RF sensing, facing inherent limitations in cost, scalability,
and environmental robustness, and lack the coordination neces-
sary for wide-area coverage against fast maneuvering threats.
To address these limitations, we propose a RIS and O-RAN
assisted framework within the Integrated Sensing and Com-
munication (ISAC) paradigm, adapted for the 3.7 GHz Citizens
Broadband Radio Service (CBRS) band. The system leverages
programmable RIS to improve signal observability and employs
O-RAN distributed intelligence for multi-stage UAV detection.
A composite OFDM-FMCW waveform provides high-resolution
range—Doppler sensing, and a GRU-based predictive controller
enables low-latency RIS adaptation. Experimental results, con-
ducted under realistic deployment constraints, demonstrate that
a single sensing node achieves reliable detection sufficient to
trigger stage transitions. These results confirm the feasibility of
integrating RIS and O-RAN for high-speed UAV sensing.

Index Terms—UAV detection, Open Radio Access Network
(O-RAN), 6G, beyond 5G, Reconfigurable Intelligent Surfaces
(RISs), multi-beam design, Integrated sensing and communica-
tion (ISAC), machine learning, intelligent controller, adaptive
coordination, resource management.

I. INTRODUCTION

The rapid proliferation of Unmanned Aerial Vehicles
(UAVs) across civilian, commercial, and military sectors has
transformed modern applications, enabling new capabilities
in aerial surveillance, package delivery, environmental mon-
itoring, and disaster response. However, this growth also
introduces critical security concerns. Unauthorized or mali-
cious UAVs intruding into restricted airspaces near airports,
government facilities, or critical infrastructure can cause severe
disruptions, including flight cancellations, security breaches,
and privacy violations. High-speed UAVs further intensify
these risks, as their mobility and unpredictable trajectories
can overwhelm conventional monitoring systems and hinder
timely response. Consequently, developing reliable, timely,
and scalable UAV detection systems has become a central
research priority in next-generation wireless networks.

Despite progress in UAV detection, all existing approaches
face fundamental limitations that hinder robust and scalable
deployment [1, 2]. Radar systems provide accurate range and
velocity estimates but demand significant infrastructure and
incur high operational costs. Acoustic and vision methods are
highly sensitive to environmental conditions such as noise,

weather, and lighting. Radio frequency (RF) approaches suf-
fer from line-of-sight restrictions and limited adaptability to
evolving UAV technologies. Most critically, these approaches
operate in isolation and lack the coordination necessary for
wide-area coverage, underscoring the urgent need for scalable,
adaptive, and collaborative detection solutions.

Two emerging technologies offer promising opportunities
to address these challenges. Reconfigurable Intelligent Sur-
faces (RIS) enable programmable manipulation of electromag-
netic propagation through reflection, refraction, and scatter-
ing, extending coverage, and mitigating line-of-sight (LoS)
constraints. Their flexible, actively reconfigurable control of
wavefronts allows dynamic beam steering and adaptive cover-
age shaping, providing cost-effective deployment while main-
taining resilience against evolving threats. Open Radio Ac-
cess Networks (O-RAN) provide a complementary foundation
through an open, disaggregated, and Al-native architecture that
enables distributed intelligence and inter-node collaboration,
supporting hierarchical detection from coarse surveillance to
fine-grained localization.

The convergence of RIS and O-RAN naturally points
toward Integrated Sensing and Communication (ISAC) as
the next stage of wireless evolution, enabling spectrum
and infrastructure sharing between communication and sens-
ing. However, realizing RIS-assisted UAV detection within
ISAC frameworks requires moving beyond communication-
centric designs. Traditional Orthogonal Frequency-Division
Multiplexing (OFDM) based RIS implementations lack the
range—Doppler resolution and channel tracking capabilities
required for reliable moving target detection. Advanced wave-
form designs, such as composition of OFDM and Frequency
Modulated Continuous Wave (FMCW) signals and modified
OFDM variants, are needed to overcome RIS hardware con-
straints and enable dual-purpose operation for both communi-
cation and UAV sensing under dynamic conditions.

In this work, we present a RIS and O-RAN assisted ISAC
framework for UAV detection and trajectory tracking in the
Citizens Broadband Radio Service (CBRS) band at 3.7 GHz.
The CBRS spectrum provides a good balance between cov-
erage and sensing resolution, and supports flexible spectrum
access under FCC regulation. Our system combines RIS-based
signal control with O-RAN-enabled distributed processing to
enable scalable and adaptive sensing. A state-machine-guided
detection strategy allows the system to switch between wide-



area scanning and focused tracking, depending on UAV motion
and detection confidence. With real-time coordination and
prediction integrated into the O-RAN control process, the
system achieves stable performance across different flight
patterns and sensing conditions. Our main contributions are
summarized as follows:

« We introduce a RIS and O-RAN assisted ISAC frame-
work that addresses the limitations of current UAV de-
tection technologies through adaptive sensing, predictive
control, and distributed coordination.

« We develop a hierarchical detection scheme with state-
machine guidance and GRU-based trajectory prediction,
enabling dynamic transitions from wide-area exploration
to focused tracking.

« We implement cross-layer resource management under
spectrum-sharing constraints, leveraging O-RAN’s Near-
RT and Non-RT control architecture to support scalable
and low-latency RIS reconfiguration.

« We validate the proposed framework through system-level
simulations, demonstrating significant improvements in
detection accuracy, responsiveness, and robustness under
diverse UAV dynamics.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work. Section III introduces the tech-
nical background. Section IV presents the detection scheme,
followed by results in Section V. Section VI concludes the
paper and provides future direction.

II. RELATED WORK

This section reviews prior work in four key areas: UAV
detection technologies, composite waveform designs for ISAC,
RIS-assisted sensing, and O-RAN for distributed intelligence.
We highlight the gaps that motivate our integrated approach.

Traditional UAV detection relies on single-sensor modali-
ties, each with distinct strengths and limitations [1, 2]. Acous-
tic methods [3-7] exploit propulsion noise and can operate in
non-line-of-sight (NLOS), however, the performance degrades
under ambient noise, wind, and adverse weather. Vision-
based systems [8—13] use deep learning but remain vulnerable
to low illumination, occlusion, and limited range. RF-based
detection [14—18] passively monitors control links; However,
the performance declines as autonomous UAVs reduce RF
dependence or fly RF-silent. Radar provides precise range
and velocity via Doppler, although dedicated infrastructure
and heavy processing hinder large-scale deployment [19-
21]. Multi-modal fusion combines complementary cues and
improves robustness [22—24]; however, most implementations
remain isolated, single-node designs without distributed co-
ordination, which is problematic for fast UAVs whose rapid
maneuvers demand high temporal resolution and collaborative
multi-node tracking.

Reconfigurable Intelligent Surfaces (RIS) have received
growing attention in wireless communications for their ability
to enable programmable beam steering, enhance coverage, and
manage interference [25]. A RIS consists of an array of con-
trollable tiles that adjust the phase of incoming signals to form

desired beam patterns and reshape the wireless environment. In
addition to traditional communication functions, recent studies
have explored using RIS for sensing tasks such as target lo-
calization, angle-of-arrival (AoA) estimation, and channel state
information enhancement [8, 26]. However, standard passive
RIS hardware remains limited in functionality. Individual tiles
typically lack circuitry for demodulation, waveform-specific
filtering, or adaptive control. Although active RIS designs can
support these features, they often introduce considerable power
and computational overhead, which challenges scalable de-
ployment. Current RIS implementations are unable to separate
sensing and communication waveforms at the surface level
without interference.

To address these limitations, ISAC waveform design pro-
vides multiple methods to dual functionality. Modified OFDM
variants embed sensing features into communication resources
so that a single signal serves both roles [27, 28]. A com-
plementary approach is the composite OFDM-FMCW sig-
nal, which combines an FMCW component with OFDM to
couple fine range-Doppler sensing with data delivery. Recent
work demonstrates thefeasibility with favorable bandwidth
efficiency and low implementation overhead [29]. These ap-
proaches enable dual-purpose RIS operation without additional
hardware [30], allowing tiles or time slots to be assigned
to sensing or communication with separation handled in
baseband. Meanwhile, hardware advances are pushing RIS
beyond purely passive designs: relay-type RIS [31, 32] and
amplifying-and-filtering RIS (AF-RIS) [33] incorporate simple
analog modules (e.g., amplifiers, bandpass filters, low-power
processors) in selected tiles. These enhancements improve
local signal quality, reduce latency, and support limited edge
processing even without full base-station coordination. As a
result, RIS is evolving from a passive reflector into a low-
power, intelligent node that can actively contribute to ISAC
operations in future wireless networks.

O-RAN provides an open, disaggregated, Al-native ar-
chitecture that enables distributed intelligence and real-time
coordination [34]. With RAN Intelligent Controllers (RIC)
operating at near real-time (Near-RT) and non real-time (Non-
RT) timescales, O-RAN can manage short and long term data
to adaptively control RIS across heterogeneous cells. Near-RT
RICs run xApps that adjust RIS phase shifts, beam directions,
and scheduling hooks in response to channel dynamics, user
mobility, and network load [35-38], while Non-RT RICs
perform policy optimization, model training, and analytics that
guide Near-RT decisions [39, 40]. This hierarchical control
loop supports continuous RIS adaptation, balancing immediate
performance (e.g., throughput, latency) with longer-term goals
(e.g., energy, reliability). ML-based applications on the RIC
further enhance flexibility by jointly optimizing throughput,
fairness, and security using real-time and historical data.
Studies indicate that software-driven RIS management enables
user tracking, beam steering, and resource allocation, laying
the groundwork for scalable, cooperative UAV sensing with
RIS-enhanced propagation.

Integration of RIS and O-RAN within ISAC frameworks has



received limited attention. Most prior work assumes idealized
RIS behavior and simplified sensing tasks, without addressing
hardware constraints or high mobility scenarios requiring
fine range-Doppler resolution. Shared spectrum environments
such as the CBRS band also remain underexplored, despite
their practical importance. Existing UAV detection approaches
lack distributed coordination for wide-area surveillance, and
RIS hardware limits are rarely considered in waveform and
functional design. The potential of O-RAN for collabora-
tive sensing is largely unexplored, as most studies remain
communication-centric. Moreover, comprehensive frameworks
that jointly address waveform design, resource allocation, and
hierarchical detection under spectrum sharing are still absent.

III. SYSTEM MODEL

In this section, we establish the system model (Fig. 1) for
RIS-assisted UAV detection under the ISAC framework. The
transmitted signal is composed of a composite ISAC wave-
form, where the FMCW component serves the sensing func-
tionality while coexisting with communication signals such
as OFDM. We focus on the FMCW-based sensing process,
which enables range, angle, and velocity estimation of UAV
targets when reflected by the RIS. The following subsections
describe the measurement model and link budget analysis that
characterize the received signal and its propagation dynamics.

A. RIS-Assisted FMCW Sensing and Measurement

Relative Position: At each discrete sensing time slot ¢y,
the RIS-assisted O-RAN system utilizes FMCW signaling to
perform UAV detection and characterization. FMCW wave-
forms enable simultaneous range and velocity estimation by
analyzing the beat frequency and Doppler shift of reflected
signals. Let p(tx) € R? and v(t;) € R? denote the position
and velocity vectors of the UAV at time ¢, and let pris € R?
denote the known position of the RIS. The relative position
vector is defined as

r(ty) = p(tx) — Pris, (D

where r(t) = [re(ty),r~n(tr), 7o (tr)]T represents the rel-
ative position in the 3D East-North-Up (ENU) coordinate
system.

Distance: The FMCW-based measurements are obtained as
follows. The range is estimated from the beat frequency as

c
dp = ﬁfb,ka ()

where f; 1 is the dechirped beat frequency, B is the sweep
bandwidth, and c is the speed of light. Here, fp ) directly
reflects the round-trip propagation delay and serves as the
key intermediate observable that maps the time delay into a
measurable range.

Angles: The spatial bearing of the UAV relative to the RIS is
characterized by the azimuth angle

0 = arctan 2(rg(tg), rnv (tx)) , &)

and the elevation angle

b = arctan2<rU(tk), \/ e (t) + r?v(tk)> L@

Sensing

Figure 1. Illustration of a RIS-assisted ISAC system for UAV detection. The
¢NB communicates with the UE through a reflectarray while leveraging the
reflected waveform for UAV sensing.

The radial velocity, corresponding to the UAV’s motion along
the LoS direction, is expressed as

r(ty)Tv(t
g — (tr)" v(tx) 5)

([ (tr)ll2
where the subscript r denotes the radial component, and is
directly related to the Doppler shift via fp = 2”/(”“, where

A is the carrier wavelength.

B. Link Budget and Path Loss

To account for propagation effects, we adopt a radar link
budget formulation. The received power in the monostatic
FMCW setting is

PthGTAch k
P rk =

k= T oa i (6)
(47)3d}; Lsys

where P, is the transmit power, G; and G, are the an-
tenna gains, o is the radar cross section (RCS), and Ly
captures system losses. When a RIS is configured to assist
the sensing process, the cascaded propagation via the trans-
mitter—RIS-UAV-receiver path introduces an additional gain
factor Gris, which depends on the number of reflecting tiles,
their phase alignment, and reflection efficiency. The per-slot
signal-to-noise ratio is then

SNRk _ Pr,kGint

— 7
kgToFNB’ ™

where Gy denotes the coherent integration gain, kp is
Boltzmann’s constant, T;, the noise temperature, Fiy the re-
ceiver noise figure, and B the sweep bandwidth. This SNRy
directly influences the estimation accuracy of range, angle, and
velocity, and its dependence is embedded in the measurement
noise covariance matrix. The complete measurement vector at
time slot k is therefore expressed as

T
Zp = [dk7 9k7 (bkv Ur.k>» SNRk] + ng, (8)

where n; ~ MN(0,Ry) represents estimation errors due to
noise, clutter, and multipath. The covariance matrix Ry is
parameterized as a decreasing function of SNRj, ensuring
consistency with estimation theory.
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management. (b) Adaptive tile level coordination for dynamic RIS resource allocation across sensing and communication tasks.

C. UAV Detection

Successful radar detection of UAVs depends on their elec-
tromagnetic visibility, commonly characterized by the radar
cross section (RCS). The RCS is the effective area that reflects
incident energy back to the radar and is defined in [41] as:

2
lim 47 R? | 5| 9)

Where: o is expressed in m? or logarithmically in dBsm,

R is the distance in meters, F; is the incident electric field
strength, and E; is the scattered electric field strength. Com-
mercial UAVs exhibit low and frequency dependent RCS in
the CBRS band, typically ranging from about -24 to -5 dBsm
depending on aspect angle and materials (e.g., plastics, carbon
fiber composites). The dominant scattering contributions arise
mainly from metallic components such as batteries, printed
circuit boards, and motors, whose effective reflectivity varies
significantly with the aspect angle between the UAV and the
radar line-of-sight [42—44].

Furthermore, the RCS is also dependent on factors such as
the transmitted power P, wavelength of operating frequency
A, the transmit gain G, and the receive gain G, as shown in
Eq. 6. Based on these Eq. 6 and Eq. 9, the target RCS can be
derived based on the received power and vice versa, enabling
the setup of SNR thresholds for accurate detection of UAVs.
Utilizing a noise removal or clutter elimination algorithm such
as covariance-based filtering, extensive cancellation algorithms
(ECA), or their adaptive variants helps to suppress static
reflections and direct-path interference before thresholding.
The detection process can then be performed by applying a
SNR based thresholding besides a constant false-alarm rate
(CFAR) on the processed range—Doppler map [44—47].

IV. SCHEME

The detection, identification, and tracking of fast UAVs
rely on collaborative sensing, which requires continuous co-
ordination among multiple geographically distributed gNBs
to establish an adaptive UAV sensing corridor while simul-
taneously ensuring communication services. In this section,
we propose a resource aware scheme under the O-RAN
framework that leverages multiple RIS-assisted sensing to
collaboratively detect high-speed, maneuverable low altitude

UAVs as shown in Fig. 2. Through RIS configuration and
waveform adaptation, the proposed approach achieves efficient
sensing while preserving reliable communication for user
equipment (UE).
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Figure 3. State machine for adaptive UAV sensing. Equipped with backward
transitions enabled for re-verification or uncertainty handling.

A. Multi-Stage State Machine for Adaptive Detection

The core of our solution is a multi-stage state machine
S = {5, 51,52,53} as shown in Fig. 3, which provides
adaptive logic for RIS beam scheduling and waveform adapta-
tion. Each state corresponds to progressively refined detection
objectives with increasing sensing and resource demands:
Stage 0 (Idle): Continuous wide-angle surveillance with min-
imal resource usage, serving as the baseline monitoring mode
to ensure coverage of the sensing region.
Stage 1 (Initial Detection): Coarse UAV detection through
low-resolution FMCW sweeps, enabling rapid identification
of potential targets across a broad area.
Stage 2 (Classification): Target-focused sensing with refined
angle and velocity estimation, used to discriminate UAVs from
birds, ground clutter, or other moving objects.
Stage 3 (Identification): High-resolution sensing with narrow
beams and enhanced SNR, providing precise characterization
of UAV features such as trajectory, size, and motion dynamics.

State transitions are driven by detection confidence -;,
configurable thresholds 7;, and real-time resource availability:

(i, Tis Cavait, Qiy 21), i j =041,
P(SZ - Sj) = g(’}/zﬁttimeouu Qi, GCOV)v if j <1, (10)
0, otherwise

where ~; is the detection confidence at stage .S; (derived from
accumulated SNR and track consistency), 7; is the transition
threshold for advancing from S; to S;i1, Cavay denotes the
set of RIS configurations available under current resource and



QoS constraints, (); is the communication QoS metric (e.g.,
latency, throughput), z; is the FMCW measurement vector
in eq. (8), and e,y iS a constraint ensuring the integrity
of the collaborative sensing. The forward transition function
f(-) promotes to the next stage when detection confidence
exceeds the threshold and sufficient resources are available.
The downward transition g(-) reverts to a previous stage due
to timeout, low confidence, or QoS violations.

B. RIS Configuration Space

We define a discrete RIS configuration space C =
{c1,ca,...,cpr} where each configuration c; includes
the programmable phase shift matrix ®; = [Pmn]NxnN
for the N x N RIS tiles, beam pattern descriptor
b; = [fcenter, Peenters A0, Ag] specifying beam center and
beamwidth, and sensing power allocation Py ; for the
FMCW component, represented as ¢; = {®;, b;, Peens,i }- The
subset of available configurations c,y,; C C appearing in (10)
is determined dynamically based on hardware actuation lim-
its and communication QoS requirements. The configuration
space is strategically partitioned according to detection stages:

¢ Cg, uses minimal phase control for continuous surveil-
lance with ultra-wide beams;

o Cg, uses coarse phase granularity for wide-area detection
with broad beams;

e Cg, employs medium granularity for focused classifica-
tion with medium beams;

¢ Cg, applies fine granularity for high-precision identifica-
tion with narrow beams.

This partitioning enables efficient resource allocation while
maintaining sensing integrity. The intersection Cg, +1 M Cayail
represents the set of feasible configurations for transitioning
to the next detection stage.

C. GRU-Based Predictive RIS Configuration

To support fast and proactive RIS reconfiguration, we design
a Gated Recurrent Unit (GRU)-based model that predicts the
next RIS configuration using state machine status, FMCW
measurements, and system history. GRUs are selected for their
efficiency and ability to learn patterns over time while meeting
the sub-100,ms response requirement of the Near-RT RIC.

é[k} + 1} = GRU(C[k —-W: k’],S[k],Z[k’],’}/[k}, gGRU) (11)

where €[k + 1] is the predicted RIS configuration for the
next time slot, c[k — W : k] is the sliding-window history
of configurations over W slots, s[k] € {So,S1,S52,53} is
the current state machine stage, z[k] is the current FMCW
measurement vector, y[k] is the detection confidence at time
k, and Ogry represents trainable GRU parameters. The GRU
architecture processes temporal sequences to predict both the
next optimal beam direction and the required phase shift ma-
trix i’kﬂ. Training emphasizes diverse operational scenarios
including varied weather conditions (rain, fog affecting path
loss), multipath-rich urban environments with RCS variations,
and high-speed maneuvers to ensure robust generalization
across real-world drone behaviors.

D. O-RAN Integration Architecture

The predictive RIS control framework is integrated into the
O-RAN architecture through three standardized interfaces that
coordinate near-real-time inference, long-term policy updates,
and hardware control.

Near-RT RIC (xApp): The GRU-based controller operates
as an xApp in the Near-RT RIC, supporting fast adaptation
with control loops on the order of 100 ms. It receives FMCW
measurement vectors from the DU via the E2 interface, along
with the current state s[k], detection confidence ~y[k], and QoS
metrics ();. Based on this information, the xApp performs
inference to predict the next RIS configuration ¢[k + 1] and
issues control decisions.

Non-RT RIC (Policy and Training): Long-term model up-
dates and system policies are managed by the Non-RT RIC via
the Al interface. This includes parameter tuning for the pre-
dictive model Ogry, configuration thresholds {7, 71,72, 73},
and balancing strategies between sensing and communication
resource usage.

O1 Interface (Execution): The predicted configuration ¢[k +
1] is applied through the O1 interface using NETCONF/YANG
protocols, translating into RIS phase shifts ®;,, waveform
parameters such as bandwidth B and chirp duration, and power
allocation directives.

This architecture supports closed-loop control by combining
real-time sensing with longer-term optimization. It enables
intelligent RIS adaptation with minimal latency, scalable co-
ordination across network elements, and seamless integration
of ML-based decision-making into O-RAN.
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Figure 4. UAV trajectory in a 3D East-North-Up (ENU) coordinate system.

V. EVALUATION

This section evaluates the proposed RIS and O-RAN en-
abled UAV detection framework through simulation-based
experiments that emulate realistic deployment conditions. We
first describe the experimental setup, then demonstrate the
multi-stage detection process, and finally validate the GRU-
based trajectory prediction for adaptive beam control.

A. Experimental Setup

Fig. 4 shows a gNB is placed at the origin at a height of
30 m, with a RIS deployed 18 m away at a height of 15 m.



Signal Processing and Angle Estimation: The azimuth 6
and elevation ¢, are estimated with 2D Multiple Signal Clas-
sification (MUSIC). This algorithm exploits the orthogonality
between the array steering vectors corresponding to the true
directions of arrival (DoA) and the noise subspace of the
received signal covariance matrix. By scanning a 2D az-
imuth—elevation grid and evaluating the MUSIC pseudospec-
trum yields sharp peaks at the actual DoAs, enabling super-
resolution beyond conventional beamforming.
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Figure 5. RIS array configuration and directivity patterns. (a) An 8 X 2
RIS array in 3D. (b) and (c) show simulated directivity patterns for different
azimuth/elevation combinations, illustrating beamforming capabilities.

UAV and Waveform Modeling: The RIS is modeled as a
hybrid relay-type RIS capable of limited telemetry and local
signal processing, such as estimating the angle of arrival
(AoA) at the RIS itself. The UAV is modeled as a moving
target with a mean RCS of —14 dBsm (0.04 m?), providing
sufficient detection margin for small to medium-sized drones
according to values specified in [44]. Uniform acceleration is
applied in 3D space to emulate realistic flight trajectories.

A composite OFDM-FMCW waveform is transmitted at 3.7
GHz under free-space path loss. The FMCW component is
filtered and reflected by the RIS in the ENU plane for UAV
detection. The 8 x 2 RIS lies in the x—z plane with boresight
along +vy, providing broad coverage for Stage 0 (Fig. 5a).
Each tile is spaced at half the carrier wavelength, satisfying
the Nyquist criterion to avoid spatial aliasing and grating
lobes. The resulting array directivity patterns are illustrated in
Fig. 5b and 5c. The horizontal aperture provides fine angular
resolution in azimuth, while the vertical extension enhances
elevation sensitivity for discriminating vertically separated
targets. Despite its compact size, the 8 X 2 configuration offers
a favorable trade-off between angular resolution, hardware
complexity, and computational cost.

B. Multi-Stage Detection

The proposed framework operates through four stages, each
with increasing sensing resolution and resource allocation, as
defined in the state machine (Section IV).

As shown in Table I, the FMCW waveform uses a 50 MHz
sweep bandwidth and 11 ps sweep duration, supporting de-
tection ranges up to 300 m and speeds up to 350 km/h,
covering typical commercial and survey-class UAV operations.
A coherent processing interval (CPI) of 64 sweeps over
0.705 ms provides the temporal resolution for Doppler-based
velocity estimation. This sets up the initial surveillance for

Table 1
FMCW RADAR SPECIFICATIONS

Parameter Value
Operating Frequency (F¢) 3.7 GHz
Sweep Duration (7) 11 ps
Sweep Bandwidth (B) 50 MHz
Range Resolution 3m
Max Target Range (Rmax) 300 m
Max Target Speed 350 km/h
120+ !} = Mean RCS -14 dBsm
E === Lower Bound RCS -24 dBsm
E 100 ——- Upper Bound RCS -5 dBsm
c h ® Actual SNR at 78.26 m: 37.4 dB
'_6 W ® Estimated SNR at 78.05 m: 38.6 dB
o 80y |
& \
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Figure 6. SNR threshold-based detection for UAV.

target detection in Stage 0. The sweeps are transmitted in an
ENU setting and cover a wide area for coarse target sensing
in the environment for Stage 1. Upon detection, the system
increases sensing priority (power and, when permitted, sweep
bandwidth) and applies SNR threshold-based identification per
CPI for UAV classification. The incident angles (0%, ¢x) and
radial velocity v, are estimated to drive the RIS steering state
machine in Stage 2. For thresholding, we use an upper RCS
bound of —5 dBsm (0.32 m?) to represent favorable line-of-
sight aspects and a lower bound of —24 dBsm (0.004 m?)
for unfavorable orientations. Subsequent CPIs then operate
with the increased sweep bandwidth to refine 3D tracking.
In Stage 3, selected RIS tiles are steered toward the target
for fine tracking, while the remaining tiles continue wide-area
scanning to discover new targets.
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Figure 7. Comparison of velocity estimation: (a) raw Doppler response from
dataset; (b) post-processed result showing enhanced target visibility.
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The expected SNR bounds over the coverage area for
UAV classification are shown in Fig. 6. Here, our simulated
UAV is detected with a SNR of 38.6 dB with a difference
of 1.2 dB as compared to the expected SNR of 37.4 dB.
This difference is likely due to the slight mismatch in range
estimation. The range—velocity map for a single CPI is shown
in Fig. 7a. Over a 2 ms CPI duration, the target response



appears smeared around the true range bin (actual: 78.26 m,
estimated: 79.07 m) and radial velocity (actual: 11.65 m/s,
estimated: 11.74 m/s). As responses from multiple CPIs are
accumulated, the object movement becomes clearer: the range
map shows concentration between 78-88 m and the radial
velocity clusters around —11 to —14 m/s (negative indicates the
target is moving away from the RIS), capturing the simulated
acceleration over a 90 ms interval as illustrated in Fig. 7b.

— UAV2 True
---- UAV2 Pred

Figure 8. Groud truth and predicted trajectory of UAV2.

C. GRU-Based Prediction

The near-RT RIC offers cloud-native control with 1 ms—1 s
response, enabling real-time coordination of RIS for sensing.
To predict motion for beam steering, we adopt a GRU model.
After each sweep, 3D coordinates are derived from range and
angle estimates; sequences over a 64-length window feed the
GRU for trajectory prediction.

Table II
TRAJECTORY PREDICTION METRICS FOR DIFFERENT UAVS

ID UAV1 UAV2 UAV3 UAV4 UAVS
MAE 0.017 0.006 0.022 0.009 0.112
RMSE 0.176  0.007 0.026 0.013 0.130

Table II reports the mean absolute error (MAE) and root
mean square error (RMSE) for five simulated UAV trajectories
with varying initial velocities and acceleration profiles. The
GRU model consistently captures both linear position progres-
sion and subtle curvature induced by acceleration. UAV?2, high-
lighted in the table and visualized in Fig. 8, achieves the best
performance and demonstrate the model’s ability to accurately
predict smooth, accelerated trajectories. Across all trajectories,
the GRU model achieves a training RMSE of 0.0663 and a
validation RMSE of 0.1363, indicating strong generalization
across diverse motion regimes. The slightly higher error for
UAVS reflects more aggressive maneuvers, however, remains
within acceptable bounds for beam steering. These results
confirm the effectiveness of GRU-based modeling for UAV
trajectory prediction in RIS-assisted ISAC systems, enabling

the Near-RT RIC xApp to proactively adapt RIS configurations
and maintain continuous tracking through state transitions.

VI. CONCLUSION

This paper presents a ISAC framework with RIS and
O-RAN assisted for UAV detection in the CBRS band. It
integrates RIS-enhanced sensing, GRU-based trajectory pre-
diction, and O-RAN coordination. The system scales, responds
with low latency, and adapts under dynamic spectrum sharing.
The sensing pipeline is hierarchical and state driven. It moves
smoothly from wide-area scanning to focused tracking. Joint
resource management keeps the system responsive to diverse
UAV behaviors. Experiments show robust performance and
real-time potential across varied trajectories. To strengthen
airspace security over cities and critical infrastructure, we will
validate on real UAV flight datasets and conduct field trials
on a production O-RAN testbed. We will extend to multi-
UAV scenarios with cooperative RIS nodes and online-learning
xApps, targeting robust NLoS sensing, stable CBRS coexis-
tence, and scalable deployment across dense urban corridors.
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