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Abstract—Spectrum scarcity and shared Radio Frequency (RF)
constraints make integrated sensing and communication (ISAC)
a key direction for 5G NR and beyond systems. However,
practical ISAC must support reliable communication, robust
sensing, and adaptive operation under changing propagation
and motion conditions. This paper presents SPECTRA (Spectral
Composite Transmission for Adaptive ISAC), a spectrally disjoint
OFDM-FMCW transmission framework for adaptive mmWave
ISAC. SPECTRA places a narrowband FMCW sensing signal
in spectrally available regions separated from active OFDM
subcarriers, enabling simultaneous OFDM communication and
FMCW sensing with minimal changes to standard OFDM
processing. The resulting OFDM CSI-based and FMCW chirp-
based sensing branches are treated as complementary modalities,
and a utility-driven mode selector chooses the sensing branch
according to sensing quality and communication/system cost.
We evaluate SPECTRA on a 28 GHz mmWave ISAC testbed
for contactless respiration monitoring across multiple subjects,
motion conditions, and background interference. Under the
adopted power allocation, SPECTRA reduces the effective PAPR
from 15.6 dB for OFDM-only transmission to 5.4 dB while
maintaining reliable communication performance. Compared
with fixed OFDM sensing, adaptive mode selection improves
respiration-pattern similarity from 83.5% to 87.58%. These
results show that spectrally disjoint OFDM-FMCW transmission
can serve as a practical substrate for adaptive ISAC with joint
RF, communication, and sensing awareness.

Index Terms—Integrated sensing and communication (ISAC),
mmWave sensing, spectrally disjoint OFDM-FMCW transmis-
sion, adaptive mode selection, channel state information (CSI),
respiration monitoring.

I. INTRODUCTION

Spectrum scarcity has become a persistent bottleneck for
5G NR and beyond wireless systems. As connected devices,
autonomous platforms, smart environments, and intelligent
edge services continue to grow, communication and sensing
functions increasingly compete for limited spectral and RF
hardware resources. Traditionally, sensing and communication
systems have been designed separately. However, this sepa-
ration leads to duplicated spectrum usage and separate RF
deployments, while radar and communication systems have
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gradually converged in hardware architecture, signal process-
ing, and operating frequency [1, 2]. These trends have made
integrated sensing and communication (ISAC) a key direction
for future wireless networks, where spectrum, waveforms, and
transceiver infrastructure are reused for both data transmission
and environmental perception.

Realizing practical ISAC requires more than waveform
coexistence. In realistic deployments, channel conditions,
hardware impairments, user motion, and interference vary
over time, while the transceiver must maintain communi-
cation reliability and sensing robustness under shared RF
constraints. This motivates condition-aware ISAC operation,
where physical-layer observations guide sensing modality
selection and resource allocation decisions. ISAC has been
explored in diverse scenarios, including smart vehicles [3, 4],
autonomous factories [5, 6], UAV sensing [7-9], vital-sign
monitoring [10-12], and human activity sensing [13-15].
Its feasibility is further supported by radar systems-on-chip
(SoC) [16], consumer IoT devices, and software-defined radios
(SDR), which enable rapid over-the-air prototyping.

Waveform design plays a central role in balancing sens-
ing and communication demands. Orthogonal Frequency-
Division Multiplexing (OFDM) is widely adopted in wire-
less systems and enables channel-state-information (CSI)-
based sensing through existing communication pilots and
subcarriers. However, OFDM-based sensing is sensitive to
synchronization errors, phase instability, multipath fading,
and high peak-to-average power ratio (PAPR). Frequency-
Modulated Continuous-Wave (FMCW), in contrast, provides
robust range and micro-Doppler sensing with near-constant-
envelope transmission, but it offers limited native data trans-
mission capability and may require dedicated sensing re-
sources [17, 18]. Therefore, a single waveform rarely achieves
high-rate communication and high-fidelity sensing under prac-
tical constraints.

Recent studies have explored OFDM-radar, OFDM-chirp,
and OFDM-FMCW composite designs to improve this
sensing—communication trade-off. Prior work has improved
OFDM sensing through waveform tailoring and spectral
weighting [19-24], introduced chirp structures for enhanced
delay and Doppler estimation [25-28], and investigated
OFDM-FMCW composites for simultaneous sensing and
communication [29-33]. However, many existing designs fo-
cus on waveform construction or fixed operating configu-
rations. Less attention has been given to how composite
waveforms should be operated under practical mmWave RF
constraints, where PAPR, filtering margin, power allocation,



EVM/BER degradation, and sensing robustness interact. In
addition, existing studies often evaluate sensing and commu-
nication separately, and generally do not exploit the comple-
mentary failure modes of OFDM- and FMCW-based sensing
for adaptive operation.

To address this gap, we present SPECTRA (SPEctral
Composite TRansmission for Adaptive ISAC), a practical
spectrally disjoint OFDM-FMCW transmission framework for
adaptive mmWave ISAC. Rather than positioning OFDM-
FMCW composition itself as a new waveform family, SPEC-
TRA uses explicit frequency-domain separation as a practical
substrate for joint communication and sensing. A narrow-
band FMCW chirp is embedded into spectrally available
regions separated from active OFDM subcarriers, enabling
simultaneous OFDM communication and FMCW sensing with
minimal changes to standard OFDM processing. This structure
provides filtering margin, simplifies receiver-side separation,
and supports joint RF, communication, and sensing evaluation.

Building on the dual sensing pathways enabled by the
composite structure, SPECTRA introduces a utility-driven
mode selection mechanism. OFDM CSI-based sensing and
FMCW chirp-based sensing exhibit complementary behavior
under changing channel and motion conditions. Rather than
relying on a fixed sensing modality, SPECTRA maps sensing-
quality indicators and communication and system cost into
a probabilistic preference over the two modalities, allowing
the system to select the more reliable sensing branch under
varying conditions.

We evaluate SPECTRA through contactless respiration
monitoring on a 28 GHz mmWave ISAC testbed. Respiration
sensing is sensitive to millimeter-scale displacement, phase
noise, synchronization errors, body motion, and environmental
interference, making it a suitable task for evaluating adaptive
sensing robustness. The evaluation includes multiple subjects,
static and motion-disturbed scenarios, and background inter-
ference. Our contributions are summarized as follows:

« We implement SPECTRA, a spectrally disjoint OFDM-
FMCW transmission framework for simultaneous com-
munication and sensing.

e We characterize RF and communication trade-offs, in-
cluding effective PAPR, filtering margin, EVM, BER,
chirp power, and bandwidth allocation.

« We develop a utility-driven mode selector that chooses
between OFDM CSlI-based sensing and FMCW chirp-
based sensing.

¢ We validate SPECTRA on a 28 GHz mmWave ISAC
testbed for respiration monitoring across subjects, motion
conditions, and background interference.

The rest of the paper is organized as follows. Section II
reviews recent waveform design trends for ISAC. Section III
presents the SPECTRA framework, including waveform struc-
ture, sensing features, mode selection, and respiration process-
ing. Section IV reports the experimental setup and evaluation
results. Section V concludes the paper.

II. RECENT TRENDS IN WAVEFORM DESIGNS

Conventional wireless waveforms are typically optimized
for either communication or sensing, making it difficult to

achieve both high data reliability and robust delay—Doppler
extraction under shared RF constraints. Existing ISAC wave-
form studies reveal a recurring trade-off among sensing fi-
delity, communication quality, and the degree of modification
required to standard OFDM processing. Based on the degree
of structural modification to a baseline OFDM waveform,
we group recent designs into three families. The rest of this
section reviews these families in turn and summarizes their
representative design choices and recurring limitations.

A. OFDM-Radar

OFDM-radar reuses a largely standard OFDM transmission
for both data delivery and sensing. Sensing information is
extracted from the OFDM time-frequency grid by compar-
ing transmitted and received symbols across subcarriers and
OFDM symbols, followed by IDFT/DFT-style processing for
delay and Doppler estimation [34-36]. Its main advantage is
compatibility with existing OFDM framing and demodulation,
making it attractive for communication-centric ISAC.

Coherent integration and frame reconstruction aim to
compensate for the limited sensing SNR available on com-
munication optimized grids by combining multiple symbols
and improving phase coherence across time [21-23]. These
approaches can boost detection sensitivity, but their gains
depend strongly on synchronization quality and are vulnerable
to mobility induced phase distortions, while communication
performance can degrade when Doppler is high and the
numerology is tuned primarily for data transmission [21, 22].

Clutter and multipath aware spectral processing im-
proves robustness in complex propagation by adaptively
weighting subcarriers or using likelihood based detection that
exploits frequency diversity to suppress clutter [20]. The
effectiveness of these methods typically relies on accurate
modeling and reliable parameter estimation, which can become
fragile in dynamic environments where clutter statistics and
channel structure vary over time.

Effective bandwidth synthesis and array extensions ad-
dress the resolution limits imposed by a fixed communication
bandwidth. Stepped carrier OFDM can synthesize a wider
effective bandwidth across transmissions and can be paired
with MIMO architectures to improve range and angle resolu-
tion [24]. The trade off is increased sensitivity to frequency
alignment, and additional switching and integration overhead
that can reduce suitability for fast sensing scenarios.

Joint transmit and receive optimization has also been
explored to better manage the sensing and communication
trade space under realistic constraints such as hybrid beam-
forming and frequency selective fading, for example by co
designing precoding with subcarrier domain radar filtering
[19]. While promising, these methods still inherit OFDM
Radar bottlenecks that stem from OFDM itself, including high
PAPR, sensitivity to synchronization offsets, and distortion
from multipath and mobility.

Overall, OFDM-radar offers strong compatibility but re-
mains sensitive to synchronization, multipath, mobility, and
PAPR. These limitations motivate waveform structures that in-
troduce chirp-like sensing capability while preserving OFDM-
based communication.



Type ‘ Sensing Mechanism ‘ Focus ‘ Exp. ‘ PAPR ‘ Ref.
Per-subcarrier SINR filtering (steering-matrix) [ J X / [19]
Adaptive spectral weighting (urban multipath) o X / [20]
OFDM-Radar | OFDM parameterization (coherent gain) [ J X / [21]
(8II-A) OFDM parameterization (coherent gain) [ J v 16 dB [22]
Payload-aided frame reconstruction (bistatic OTA sync) o v / [23]
Stepped-carrier OFDM (TDM-MIMO sweep)  J v / [24]
FDP-based OFDM-compatible orthogonal chirps (TDM patterns) o X 0 dB [25]
OFDM-Chirp | Max-SCNR ESD matching (sub-bandwidth optimization) o X / [26]
(§II-B) Subcarrier shifting (zero-interleaved orthogonal chirps) @ X / [27]
Frequency-domain chirp embedding (quadratic phase) [ ] v 9 dB [28]
Frame multiplexing (FMCW midambles + CP-OFDM) U X / [29]
FSI-OFDM implantation (chirp on sparse subcarriers) [ J X / [30]
DFRC OFDM phase modulation on FMCW chirp (constant-envelope OFDM-PM) [ J X / [31]
(§II-C) IDFT-diagonal embedding (FMCW-in-OFDM) ° X / [32]
Non-orthogonal superposition (pilot-free cancellation) [ ] X / [33]

Spectral Composite Transmission for Adaptive ISAC (SPECTRA) { v 5.4 dB | Our design

Table I: Waveform design families for ISAC. Focus: @ denotes sensing-centric designs; @ denotes joint sensing and communication. Exp.: v/
over-the-air prototype/measurement; X simulation/analysis; For cases where results are unavailable, a ’/’ is used to denote this. Abbreviations:
DFRC = Dual Function Radar and Communications; FDP = frequency-domain processing; TDM = time-division multiplexing; ESD = energy

spectral density; FSI = flexible sensing-implanted.

B. OFDM-Chirp

OFDM Chirp strengthens sensing by injecting chirp struc-
ture into an OFDM transmission while keeping OFDM based
communication. The core motivation is that chirp signaling
supports a direct delay and Doppler mapping through dechirp
style processing, which can improve sensing observability
under mobility and clutter. In this family, chirp components are
typically embedded into known reference regions of a frame,
such as preambles, midambles, or cyclic prefix segments,
or they are induced through deterministic phase structures
that enable chirp aware range and Doppler extraction. Rep-
resentative OFDM Chirp designs can be organized into two
implementation styles.

Frequency domain chirp embedding imposes chirp like
phase patterns across subcarriers prior to the IFFT, so the trans-
mitted waveform carries a controllable chirp structure while
remaining compatible with OFDM framing. These designs can
improve sensing capability and may reduce PAPR relative to
plain OFDM, but they often require chirp aware processing
on the sensing path and careful parameter tuning to control
sidelobes and interference [28].

Time domain and transform domain reshaping maps
OFDM symbols onto chirp related bases or inserts orthogonal
chirp fields through dedicated processing, enabling config-
urable trade offs among sensing quality, spectral efficiency,
and constant envelope properties [25]. The cost is increased
receiver complexity, since the sensing chain needs chirp re-
generation or matched processing in addition to conventional
OFDM demodulation.

Beyond waveform construction, several works target en-
vironment dependent clutter and interference. Clutter aware
spectral shaping has been studied to improve signal-to-clutter-
plus-noise ratio (SCNR) by optimizing the energy spectral

density across sub bands [26]. While such optimization can
yield robustness gains, it often relies on iterative solvers and
scenario specific priors, which can limit real time use in
fast varying settings. For multi antenna sensing, waveform
diversity and orthogonality are important. Subcarrier shifting
and zero interleaving have been used to generate multiple
orthogonal constant envelope waveforms for MIMO sensing
and synthetic aperture style operation [27]. These approaches
can support spatial sensing, but they add timing and frequency
alignment requirements and their end to end communication
impact is not always fully characterized.

Overall, OFDM Chirp improves sensing by importing chirp
structure and can lower PAPR, but it commonly increases
receiver modifications and chirp aware processing burden, and
it can tighten synchronization requirements. These factors mo-
tivate composite approaches that preserve the standard OFDM
demodulation chain while introducing an FMCW sensing
component through multiplexing or controlled embedding.

C. Dual-Function Radar and Communication

Dual-functional radar-communication (DFRC) design seeks
to jointly support sensing and communication using shared
waveforms and resources, balancing performance trade-offs
between the two functions. Among candidate waveforms,
OFDM and FMCW have emerged as widely adopted choices
for communication and sensing, respectively, due to their
complementary properties. OFDM-FMCW composite designs
therefore couple an FMCW waveform with otherwise standard
OFDM frames to improve sensing robustness while preserv-
ing standard OFDM communication processing. The guiding
principle is to avoid deep changes to OFDM numerology
and demodulation, and to introduce FMCW sensing through
resource partitioning or structured embedding that remains



practical for shared RF hardware. Existing composites can be
grouped into time division and frequency division approaches,
with an additional class that uses controlled superposition to
maximize spectral usage.

Time-division composites assign sensing and communica-
tion to different time portions within a frame. In [29], FMCW
chirps are inserted into preamble and midamble locations,
while CP-OFDM occupies the data bearing region. The re-
ceiver extracts delay and Doppler from the corresponding
segments and can fuse FMCW and OFDM based sensing
to improve detection. The main trade off is resource cou-
pling, since additional chirp insertions can improve robust-
ness under motion but reduce the number of data symbols
and lower throughput, and communication metrics are not
always reported. Flexible sensing implanted OFDM in [30]
embeds short chirp like pulses into OFDM using a spread-
ing structure and random time division Doppler sampling,
extending sensing coverage with limited sensing resources. Its
performance depends on code and resource design to control
cross interference and preserve subcarrier orthogonality, and
added overhead can reduce the effective symbols available for
Doppler estimation.

Spectral division composites separate sensing and com-
munication in frequency or embed one component through
a structured modulator so that separation is simplified. In
[31], OFDM symbols are conveyed through phase modulation
on an FMCW chirp, yielding a constant envelope waveform
and enabling sensing without explicitly canceling communi-
cation prior to dechirping. This can simplify the sensing path,
but careful parameter design is required to manage spectral
ripples and sidelobes, and the communication receiver must
handle the induced phase structure. In [32], FMCW samples
are embedded through selected IDFT structure elements to
maintain chirp continuity while enabling OFDM style channel
estimation. The trade off lies in power allocation and pilot
density, and residual embedding interference can degrade BER
when resources are tight.

To improve spectral efficiency, [33] considers non orthog-
onal superposition of FMCW and OFDM within the same
bandwidth. The sensing path estimates FMCW parameters
and reconstructs and subtracts the FMCW component before
OFDM demodulation. This approach can improve bandwidth
usage, but performance becomes sensitive to modeling errors
and cancellation accuracy, and residual interference can dom-
inate under hardware nonidealities.

Overall, OFDM-FMCW composites keep standard OFDM
processing largely intact while leveraging FMCW for robust
sensing, but they shift the bottleneck to cross waveform
interference control, resource partitioning efficiency, and con-
sistent joint evaluation under practical impairments. These
needs motivate explicit separation for simpler processing and
adaptive operation to select the sensing modality as mobility
and interference conditions vary.

Practical Gap and Positioning of SPECTRA. Table I sum-
marizes representative OFDM-radar [19-24], OFDM-chirp
[25-28], and DFRC ISAC designs [29-33]. These studies have
established important foundations for OFDM-compatible sens-
ing, chirp-enhanced delay—Doppler extraction, and waveform

coexistence. At the same time, the comparison suggests that
several practical aspects remain less explored when considered
jointly. In particular, coexistence-relevant RF and communica-
tion metrics, such as PAPR, filtering margin, EVM, BER, and
over-the-air link quality, are often reported separately from
sensing performance or evaluated under fixed operating con-
figurations. This leaves a practical gap in operating OFDM-
FMCW coexistence under changing RF, communication, and
sensing conditions, where power allocation, waveform sepa-
ration, communication degradation, motion disturbance, and
sensing reliability interact.

SPECTRA addresses this gap by using spectrally disjoint
OFDM-FMCW transmission as a practical substrate for adap-
tive ISAC operation. The explicit spectral separation enables
simultaneous OFDM communication and FMCW sensing with
minimal modification to standard OFDM processing, while
simplifying receiver-side separation. More importantly, SPEC-
TRA treats OFDM CSlI-based sensing and FMCW chirp-based
sensing as complementary modalities and introduces utility-
driven mode selection to choose the more reliable sensing
branch under changing operating conditions.

III. SPECTRA: SPECTRALLY DISJOINT TRANSMISSION
AND ADAPTIVE SENSING

This section presents SPECTRA, a spectrally dis-
joint OFDM-FMCW transmission framework for adaptive
mmWave ISAC. By placing a narrowband FMCW sensing
signal in a spectrally available region separated from active
OFDM subcarriers, SPECTRA enables simultaneous OFDM
communication and FMCW sensing with minimal changes
to standard OFDM processing. The resulting OFDM CSI-
based and FMCW chirp-based sensing branches are treated as
complementary modalities and selected according to sensing
quality and communication/system cost.

Section III-A defines the transmission structure and RF
implications. Section III-B introduces the dual-branch sensing
and cost features. Section III-C presents utility-driven adaptive
mode selection. Section III-D describes the respiration signal
processing pipeline.

A. Spectrally Disjoint Transmission Structure

SPECTRA combines a standard OFDM communication sig-
nal and a narrowband FMCW sensing signal through explicit
spectral partitioning. Let s.(t) denote the baseband OFDM
waveform over one symbol duration Tyyp,:

se(t) = Y dpexp(j2nfut), 0<t< Ty, (1)

neN.
where A, is the set of active subcarriers, d,, is the complex
symbol on subcarrier n, and f, = nAf with subcarrier

spacing A f. The occupied communication bandwidth is B, =
INe|AS.
The baseband FMCW chirp s(t) over one sweep duration
Tenirp 1s modeled as
B
s(t) = A 2 -
5s(t) exp <J ToT

chirp

tQ), 0<t<Tenirp, (2)

where B, denotes the sensing bandwidth and A controls
the sensing-to-communication power ratio. In practice, Ay is
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Figure 1: SPECTRA System Overview: §III-A presents spectrally disjoint transmission and mode separation; §III-C presents utility-score-
based mode selection; and §III-D presents respiration waveform reconstruction.

selected subject to the transmit power budget, spectral mask,
and desired sensing robustness.

To place the FMCW component into a spectrally available
region, we apply a digital frequency shift and superimpose it
with the OFDM waveform:

s(t) = sc(t) + s5(t) exp(§27 fonitet), 3)

where fqnigt is chosen such that the shifted FMCW band does
not overlap with active OFDM subcarriers and maintains a
guard margin for practical filtering, as illustrated in Fig. 1.
At the receiver, the two components are separated through
band filtering. The OFDM branch then follows conventional
demodulation and CSI extraction, while the FMCW branch
performs dechirp-based sensing.

Effective PAPR under power allocation: OFDM signals
typically exhibit high peak-to-average power ratio (PAPR)
due to multicarrier superposition. In SPECTRA, the near-
constant-envelope FMCW component changes the composite
power distribution and can reduce the effective PAPR under a
given normalization and power-allocation setting. This effect
is treated as an operating-point-dependent RF benefit rather
than an intrinsic suppression of OFDM envelope peaks. We
define the sensing-to-communication power ratio as

s B{lss()F} A2
P T E{s.(0F) ~ Efse(t)F]

We quantify the resulting PAPR behavior empirically by
sweeping ps under the same power amplifier (PA) backoff
and spectral-mask constraints.
CSI calibration: The received OFDM baseband signal can be
modeled as y(t) = h(t)s.(t) + z(t), where h(t) is the channel
impulse response and z(t) is additive Gaussian noise. In the
frequency domain, for the k-th OFDM symbol and the n-th
active subcarrier,

Yn,k = Hn,an,k + Zn,ka (5)

4)

where D, j, is the transmitted symbol, H,, ;. is the true CSI,

and Z,, ;, is noise. CSI is estimated from pilots as

2 Yn k
H,=—, 6
& Do s (6)

and interpolated to obtain H € CWVelXK oyer active subcarri-
ers and OFDM symbols.
For phase-based sensing, residual synchronization errors

introduce structured phase distortions:
LHy o~ ZHy ;o + 0 + apn +ep i, @)

where 6 represents the symbol-wise common phase error,
modeled as an aggregate phase offset that arises from residual
CFO, oscillator phase noise, imperfect synchronization, and
other slowly varying phase impairments; ajn represents a
subcarrier-dependent linear phase ramp caused by residual
timing or sampling offsets; and v, j, captures residual phase
noise. We remove the common and linear phase terms through
per-symbol linear fitting across subcarriers, yielding calibrated
CSI phases for micro-motion extraction [37]. This calibration
is essential since respiration signatures rely on small inter-
symbol phase variations and are otherwise easily masked by
residual biases in low SNR.

B. Dual-Branch Sensing and Cost Features

To support adaptive mode selection, SPECTRA represents
the OFDM and FMCW sensing branches in a common feature
space. Let m € {c, s} denote the OFDM CSI-based branch and
the FMCW chirp-based branch, respectively. For each branch,
we define a feature vector

Xm = [Srm Qm75m7€m]7 (8)

where S,, denotes Doppler SNR, Q,, denotes slow-time
sensitivity, €,,, denotes the respiration-band spectral magnitude
ratio, and &,, denotes the corresponding communication or
system cost. These features jointly capture motion strength,
sensing stability, respiration-band concentration, and the cost
of using each sensing branch.

The two sensing branches produce slow-time traces at
different granularities. For the OFDM branch, features are first
evaluated on each candidate subcarrier, since subcarriers may
experience different fading, phase stability, Doppler sensitivity,
and EVM. We denote the OFDM slow-time trace on subcarrier
n as zﬁ”) [¢]. For the FMCW branch, features are computed
from the range-gated slow-time trace z[¢]. In the following
feature definitions, z,,[¢] denotes the corresponding slow-
time trace of branch m, i.e., z((;") [¢] for an OFDM candidate
subcarrier and z4[¢] for FMCW.

Doppler SNR: Let Z,,(f) denote the spectrum of the slow-
time trace z,[¢]. The Doppler SNR measures the strength of
the dominant respiration-related spectral component relative to

the out-of-band residual components: ,
S — 1010g,, By Zn (D)
Zn(f)? + €

€))

_1
IBrem‘ ZfeBrem



where B,esp is the respiration frequency band and Biem
denotes the remaining positive-frequency region outside the
respiration band.

Slow-time sensitivity: Slow-time sensitivity captures how
strongly a sensing trace responds to subtle temporal variations.
We first compute a normalized fluctuation strength using the

coefficient of variation: q '
~ t m
T std(ald) w0
mean(|z,[f]]) + €

Since large fluctuations may also be caused by impulsive
disturbances, we regularize this term using a robust MAD-
based stability factor:

MAD([zm [{]])
Rp=——"""""". 11
™ = Std(emld)]) + € (1
The final slow-time sensitivity ~metric is defined as
Qm = QmRm- (12)

This metric favors traces with strong normalized slow-time
variation while reducing the influence of outlier-dominated
fluctuations.

Respiration-band spectral magnitude ratio: To capture
respiration-induced periodicity, we compute the concentration
of spectral magnitude within the respiration band:

L Yres, 2] "

" 2 teBrm | Zm(f)] +e€
where Bresp = {f | 0.1 < f < 1.0 Hz} and Biewy, =
{f >0,f ¢ Bresp}. A larger ¢, indicates stronger spectral
concentration in the physiological respiration band.
Cost features: The cost term &, captures the communication
or system-level penalty associated with each sensing branch.
For the OFDM branch, the cost is derived from the EVM
of the corresponding subcarrier, denoted as &.(n). This re-
flects CSI reliability and communication distortion on the
selected sensing subcarrier. For the FMCW branch, the cost
captures spectral occupancy, additional processing overhead,
and leakage-related impact on the OFDM link:

gs = QbwCbw T Qcomp + aleakﬁa

(14)

where c¢pw = Bs/Biotal is the fractional spectral occupancy
of the FMCW signal, ccomp accounts for the separate sensing
processing chain, and 7) represents normalized leakage-related
EVM variation. The coefficients apw, 0comp, and qjeax con-
trol the relative contributions of bandwidth usage, processing
overhead, and leakage-induced communication degradation.

These feature definitions provide the common input for the
adaptive mode selection mechanism. Since the OFDM branch
contains multiple candidate subcarriers, its feature vector is
first evaluated as x.(n) for each subcarrier n. The FMCW
branch, in contrast, provides a single branch-level feature
vector xs from the range-gated slow-time trace. The next
subsection first reduces the OFDM branch to a representative
sensing subcarrier and then compares the selected OFDM
branch with the FMCW branch for mode selection.

C. Utility-Driven Adaptive Mode Selection

SPECTRA performs adaptive sensing in two stages. The
first stage selects a representative OFDM subcarrier for CSI-
based sensing, using the per-subcarrier features defined in

Section III-B. The second stage compares the selected OFDM
sensing branch with the FMCW sensing branch through a
utility score and selects the branch with the higher probabilistic
preference for respiration extraction.

OFDM subcarrier selection: For the OFDM branch, sub-
carriers are progressively filtered by retaining high-Doppler-
SNR candidates, then high-sensitivity candidates, and finally
low-cost candidates. Among the remaining candidates, the
subcarrier with the largest respiration-band spectral magnitude
ratio is selected. This process converts the per-subcarrier
OFDM feature vectors x.(n) into a single OFDM branch
representation x.(n*) for comparison with the FMCW feature
vector Xg.

We use percentile-based pruning to adapt to the empirical
distribution of each metric rather than relying on fixed thresh-
olds. The operators Topp and Lowp retain elements at or
above the (100 — P)-th percentile and at or below the P-
th percentile of the input set, respectively. The procedure is
summarized in Algorithm 1.

Algorithm 1 Priority-Based OFDM Subcarrier Selection

Require: Subcarrier set \;
percentile thresholds Py, Pa, P3 € (0,100];
metrics Sq(n), Q.(n), &(n), e.(n), Vn € N.

Ensure: Selected subcarrier n*

1: N1 < Topp {Sc(n)}, ne N

: N < Topp, {Q.(n)}, n e My

: N3 < Lowp,{&.(n)}, n € Na

© M 4 argmaxpen; £c(n)

- if NV}, = () at stage k, set Ny < Np_1

: return n*

[ NN~ OS I NS

After n* is selected, the OFDM branch features used for
mode selection are written as S, = S.(n*), Q. = Q.(n*),
e = €c(n*), and & = &.(n*). These features are then
compared with the corresponding FMCW branch features
(S, Qsr 0,65}

Utility score modeling: For each branch, a sensing benefit is
computed from standardized sensing features, while the cost
term captures communication degradation or system overhead.
The utility scores are defined as -
U.= wSS(: + wQQc + weée — w&gc ’
—~—

Sensing benefit B, Cost C.

_ _ 15)
Us = wsSs + wo Qs + Weés — wes (
\v/

Sensing benefit B Cost C

where (-) denotes z-score normalized features and w; denotes
the feature-specific weight. The same weights are applied to
both branches so that the mode decision is driven by relative
feature values rather than branch-specific weighting.

To avoid brittle switching when U, and U are close, the
utilities are mapped to probabilistic preferences:

exp(BUn)

Zje{QS} exp(8U;)’

where 3 controls the sharpness of the preference. The selected
sensing mode is

DPm = m € {c, s}, (16)

M =arg max pp. (17)

mée{c,s}



The softmax output is interpreted as a probabilistic preference
rather than a calibrated posterior probability. This formula-
tion preserves a hard mode decision while reducing unstable
switching when the two utilities are close.

D. Respiration Signal Processing

After mode selection, the selected slow-time trace is pro-
cessed using the same respiration extraction pipeline regardless
of whether it comes from the OFDM or FMCW branch. This
ensures that performance differences mainly reflect sensing-
branch reliability rather than different downstream process-
ing. The pipeline consists of robust Doppler smoothing,
respiration-pattern extraction, and amplitude normalization.
Doppler smoothing: Let z[¢] € R denote the selected real-
valued slow-time trace used for respiration extraction, where
¢ indexes the slow-time samples. For the OFDM branch, x[/]
is obtained from the selected CSI trace after calibration and
subcarrier selection. For the FMCW branch, x[(] is obtained
from the selected range-gated slow-time response. Ideally, the
respiration component evolves coherently as

x[l] = Acos(2m fplTs + ¢o) + wll], (18)

where A is the oscillation amplitude, fp is the dominant
respiration-related micro-Doppler frequency, T is the slow-
time sampling interval, and w[¢] captures thermal noise and
residual clutter. In practice, the sequence may be contaminated
by impulsive disturbances caused by synchronization errors,
multipath fluctuations, oscillator phase noise, or body-motion
artifacts:

2[l] = Teruel €] + L], (19)

where n[¢] represents sporadic outliers.

To suppress impulsive outliers, we apply a Hampel filter
for robust Doppler smoothing. For a sliding window of length
2L + 1, we compute the local median

my = median{z[¢ — L],...,z[¢ + L]}, (20)
and the median absolute deviation (MAD)
MAD; = median;ep— o4 1] |2[i] — my], @)

o0 = 1.4826 MADy,

where oy is a robust local scale estimate. We flag x[¢] as an
outlier if |x[¢] — m¢| > T o4, where T controls sensitivity. The
filtered output is

o Jme,
“a‘{xw,

This median-based rejection suppresses sporadic spikes while
preserving the slow-time respiration evolution, improving the
stability of subsequent pattern extraction.
Doppler pattern extraction: After Hampel smoothing, Z[¢]
may still contain drift and non-respiratory components that
obscure the weak respiration micro-Doppler. We therefore ap-
ply the Empirical Wavelet Transform (EWT), which adaptively
partitions the slow-time spectrum and constructs data-driven
bandpass filters matched to the observed Fourier content [38].
Let X (w) = F{Z[{]} denote the spectrum of the smoothed
slow-time trace. EWT analyzes | X (w)| to detect local maxima
and spectral boundaries {w,}, and then defines contiguous

0] —
|z[€] .mz| > TOy, 22)
otherwise.

spectral segments A, = [wn,wn11]. Each segment corre-
sponds to an oscillatory mode. This adaptive segmentation
enables isolation of narrowband components such as the
respiration tone.

For each detected band A,, = [wy,wn+1], EWT builds a
bandpass empirical wavelet 1/3n(w) together with a lowpass
scaling function (ﬁl(w) to capture the baseband component
and ensure completeness of the decomposition. To obtain
smooth transitions at band boundaries, we adopt Meyer-type
windowing. Let S(x) be the standard smooth polynomial on
[0,1]. For x € [0, 1], define

Vein(2) £ sm(gﬁ(x)) ,
Veos(T) = cos(gﬂ(x)) .

The n-th empirical wavelet is then

(23)

w— (Wyp —Tp)
Vsin(27_ ) Wp — Tp S W Swna
n
> 17 Wn, S w S wn+17
U (w) = _
Wptl +Tp —w
Veos T y Wi+l S w S Wn+41 + Tn,
n
0, otherwise,

(24)
where 7,, denotes the transition-band width. The corresponding
slow-time modes are obtained by frequency-domain filtering
followed by inverse transform:

zall] = FH{ X (@)dn(w) }

We select the respiration component 7i2[¢] as the mode whose
dominant frequency lies in the physiological breathing band.
By adaptively segmenting the Doppler spectrum rather than
imposing fixed subbands, EWT suppresses unrelated motion
and residual clutter, yielding a cleaner respiration-specific
trace.
Normalization: The respiration mode extracted by EWT is
quasi-periodic and can be approximated by
. RR

m(t) = RE - sin (27r o0 t) ,
where RR is the respiratory rate and RE is the respiratory
effort [39]. In practice, the extracted trace 7[¢] may exhibit
amplitude drift across time and conditions. We form the
analytic signal using the Hilbert transform:

(25)

(26)

all =l + (), eld=laldl. @)
The trace is then normalized ?Sé

- m

mll] = M+ Ele[4]], (28)

where e avoids division by zero and E[-] denotes time av-
eraging. The normalized trace 7m[{¢] reduces slow envelope
fluctuations and improves respiration-pattern estimation.

IV. EVALUATION

Experimental Setup: The composite waveform is imple-
mented in a mmWave ISAC experimental setup consisting of
a USRP-X410 software-defined radio, a UD-Box for upcon-
version to 28 GHz, and a pair of BBox-Lite 4-channel phased-
array antenna for transmission and reception. The transmit



and receive arrays are focused on a single human subject
for respiration monitoring, as illustrated in Fig. 2. The human
subject simulates four distinct respiration patterns for sensing
in different positions and body motions.

Figure 2: Breathing patterns detection setup. Left: All entities. Right:
Specific antennas and subject setup for breathing pattern detection.

Waveform Parameters: The 5G NR communication link
operates at a 61.44 MHz sampling rate with a 40 MHz channel
bandwidth and 60 kHz subcarrier spacing, utilizing 240 active
subcarriers across 20 resource blocks. With 16-QAM and
coding rate 0.3320, it achieves 11.42 Mbps at an error vector
magnitude (EVM) of around 11.02%. In parallel, the FMCW
sensing waveform employs a narrow sweep bandwidth of 2
MHz and a sweep duration of 1 ms, as summarized in Table
II. Within the composite design, the OFDM occupies a total
bandwidth of 14.4 MHz, FMCW is embedded in a spectrally
disjoint guard-band region as shown in Fig. 3, providing
filtering margin and enabling simultaneous communication and
sensing with minimal cross-interference.

PARAMETERS VALUES
Channel Bandwidth 40 MHz
Subcarrier Spacing 60 kHz

Resource Blocks 20
Subcarriers 240
Modulation 16 QAM

Target Code Rate 0.3320

Error Vector Magnitude (EVM) 11.02%
Throughput 11.42 Mbps
FMCW Sweep Bandwidth 2 MHz
FMCW Chirp Duration 1 ms

Table II: OFDM-FMCW WAVEFORM SPECIFICATIONS
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Figure 3: Spectrogram of Composite Design

Description of Dataset: A total of 300 samples are collected,
each spanning 30 seconds, with a balanced distribution across
respiration patterns. The dataset is acquired from three sub-
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Figure 4: Subcarrier-wise comparison for OFDM branch selection.
Lower-index subcarriers provide stronger respiration-related response
and lower EVM in this representative sample.

jects I under four movement conditions, denoted as LO-L3,

to evaluate sensing robustness under progressively stronger
disturbances. LO is the static baseline with negligible body
movement. L1 includes small upper-body or hand movements.
L2 introduces moderate torso or posture changes, together with
background interference from a secondary subject walking
through the environment. L3 contains stronger body motion,
including chair rotation and lateral or anterior—posterior dis-
placement. This progression provides a controlled setting for
evaluating whether SPECTRA can adapt its sensing mode
under increasing motion disturbance.

A. Subcarrier-wise OFDM Branch Selection

Subcarrier selection: The OFDM sensing branch first selects
a representative subcarrier before being compared with the
FMCW branch. This step is necessary because frequency-
selective fading, residual leakage, and CSI estimation quality
are not uniform across subcarriers. Fig. 4 shows one rep-
resentative example of the subcarrier-wise metrics used by
Algorithm 1, including Doppler SNR, slow-time sensitivity,
and EVM.

As shown in Fig. 4a, the Doppler SNR is stronger for lower-
index subcarriers, with the top candidates concentrated near
n = 2,4,6, and 10. A similar trend appears in Fig. 4b, where
the slow-time sensitivity is highest for the first few subcarriers.
These results indicate that respiration-induced micro-motion is
not equally visible across the OFDM band, and that subcarrier
selection is needed to avoid weak or unstable CSI traces.

'Only RF measurements and reference respiration traces were used; no
identifiable images, audio, or personal information were collected.
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communication power ratios ps.

Fig. 4c further shows that the lower-index subcarriers also
have lower EVM in this sample, suggesting more reliable CSI
estimation and better communication integrity.

Combining these sensing and communication indicators,
Algorithm 1 selects n* = 4 for this sample. This subcarrier
provides a favorable balance between strong respiration-related
response, high slow-time sensitivity, and low EVM-derived
cost. The selected OFDM features, S.(n*), Q.(n*), e.(n*),
and &.(n*), are then used to compute the OFDM sensing bene-
fit and cost in the utility model. The same utility formulation is
applied to the FMCW branch using its range-gated slow-time
trace. This result supports the design choice of treating OFDM
sensing as a subcarrier-selective branch rather than using all
subcarriers or a fixed subcarrier.

B. Chirp Power—Bandwidth Trade-offs and PAPR Behavior

A high PAPR is undesirable because it requires larger
power-amplifier (PA) back-off to maintain linearity, reducing
PA efficiency and potentially causing nonlinear distortion and
spectral regrowth. To evaluate the RF behavior of SPECTRA,
we sweep the sensing-to-communication power ratio ps by
adjusting the FMCW power term A? in eq. (4). Fig. 5 shows
the resulting CCDF of PAPR under different FMCW power
allocations.

As shown in Fig. 5, the OFDM-only signal exhibits a
PAPR of approximately 15.6 dB, while the spectrally dis-
joint OFDM-FMCW transmission with equal power allocation
reduces the effective PAPR to approximately 5.4 dB. This
reduction is mainly due to the near-constant-envelope FMCW
component raising the composite average power level, rather
than eliminating the intrinsic OFDM envelope fluctuations.
Therefore, the PAPR reduction should be interpreted as an
operating-point-dependent RF benefit under the adopted nor-
malization and power allocation.

However, a lower effective PAPR does not necessarily indi-
cate better communication quality. When p, becomes large, the
FMCW component takes a larger share of the transmit power
and reduces the OFDM communication headroom. Without
proper PA back-off and normalization, residual nonlinear
distortion and in-band interference may increase EVM and
degrade demodulation reliability. This trade-off is reflected in
Fig. 6a, where larger p; shifts the BER curves toward higher
required SNR. Using a BER of 10~ as a commonly adopted
reliability threshold for communication links, the results show
that excessive chirp power allocation requires a higher SNR
to maintain acceptable demodulation performance.

In contrast, FMCW bandwidth has a weaker impact on
communication reliability. As shown in Fig. 6b, varying the
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Figure 6: BER performance of SPECTRA under varying FMCW
power and bandwidth configurations.
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Figure 7: EVM under different sensing-to-communication power
ratios ps.

FMCW bandwidth from 2 to 6 MHz yields nearly overlapping
BER curves when the FMCW signal remains spectrally sep-
arated from the active OFDM band. In our implementation,
the FMCW component is placed in spectrally available re-
gions with sufficient separation from the OFDM subcarriers,
rather than a fixed guard-band location. The observed BER
invariance suggests that, under effective spectral decoupling,
communication performance is more sensitive to chirp power
allocation than to the exact FMCW bandwidth within the
inactive spectral region.

Fig. 7 further confirms the power-allocation trade-off. The
EVM increases as ps grows, especially for data symbols, while
pilot-symbol EVM remains lower over a wider range. Based
on these results, we adopt ps = 1 as a practical operating point



in the testbed. At this point, SPECTRA achieves an effective
PAPR reduction of about 10 dB relative to OFDM-only trans-
mission while maintaining acceptable communication quality,
with an EVM RMS of approximately 11.02% for data symbols
and about 6% for pilot symbols. This operating point provides
sufficient FMCW sensing power without excessively degrad-
ing the OFDM communication link. Under favorable channel
and hardware conditions, ps; can be increased adaptively to
enhance sensing robustness, provided that the resulting EVM
and BER remain within acceptable limits.

C. Mode Selection and Sensing Performance

We first examine how the selected sensing mode evolves
under changing motion conditions. Fig. 8 illustrates the move-
ment trend across evaluation samples together with the sensing
mode selected by the utility-driven mechanism. This plot pro-
vides a direct view of the condition-aware behavior of SPEC-
TRA: as the motion disturbance changes, the preferred sensing
branch is allowed to shift between OFDM CSI-based sensing
and FMCW chirp-based sensing rather than remaining fixed.
In the static condition LO, OFDM is selected more frequently,

Mode Label
. FMCW
mm OFDM

-
[

9%

Movement

-
N

60.9% 39.1%
e —————

64.3%

35.7%

0 20 40 60 80 100
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Figure 8: Movement condition and selected sensing mode across
evaluation samples. Conditions LO-L3 correspond to static, low-
motion, moderate-motion, and high-motion cases, respectively.

accounting for 60.0% of the decisions, while FMCW accounts
for 40.0%. A similar preference is observed under L1, where
OFDM remains selected for 57.9% of the samples. As the
movement disturbance increases, the preference shifts toward
FMCW: FMCW accounts for 60.9% of the selections under L2
and 64.3% under L3. This trend supports the intended utility
behavior of SPECTRA. OFDM is favored when the CSI trace
remains relatively stable and the communication cost is low,
while FMCW becomes more favorable under stronger motion
because its chirp-based sensing response is more robust to
motion-induced CSI degradation.

To further explain this selection behavior, we examine the
utility features associated with OFDM- and FMCW-preferred
samples. Fig. 9 shows the feature distributions across the
two preferred-mode groups. Doppler SNR in Fig. 9a and
the cost-related feature in Fig. 9b provide the clearest sep-
aration, indicating that the mode decision is mainly guided
by motion-response strength and communication and system
cost. The respiration-band spectral magnitude ratio in Fig. 9c
and slow-time sensitivity in Fig. 9d show more overlap, but
they still provide useful context by indicating whether the
selected trace contains respiration-band structure and stable
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Figure 10: Softmax-based mode preference in the OFDM-FMCW
utility space. Shaded regions denote the dominant sensing mode
determined by the relative probabilistic preferences {pc, ps}.

temporal variation. Overall, these feature trends support the
joint utility formulation, where strongly separating features
drive the primary decision and overlapping features improve
robustness in ambiguous cases.

The resulting utility-space distribution is shown in Fig. 10.
The samples form two dominant regions corresponding to
OFDM-preferred and FMCW-preferred operation, and the
softmax boundary provides a smooth transition between them.
This validates the purpose of the probabilistic preference:
when one branch is clearly better, the decision becomes
confident; when the two utilities are close, the model avoids
brittle switching and reflects the ambiguity between sensing
branches.

The extracted respiration patterns are compared against
reference patterns obtained from a chest-movement detection
belt, which captures thoracic displacement. When OFDM-
based sensing is applied across all samples without adaptive
mode selection, it achieves a pattern similarity of 83.5%. With
the proposed mode selection, the OFDM-preferred samples
achieve 86% similarity, the FMCW-preferred samples achieve
89.5% similarity, and the overall similarity reaches 87.58%.
This improvement shows that the selector does not simply
favor one sensing branch, but instead selects the branch that is
more reliable under the current motion and channel condition.
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Figure 11: Representative respiration-pattern extraction results. Top:
FMCW-preferred extraction with ps = 0.679 and p. = 0.321. Bot-
tom: OFDM-preferred extraction with p; = 0.254 and p. = 0.746.

Fig. 11 provides representative examples. In the FMCW-
preferred case, the utility scores [Us,U.] = [1.81,1.06]
produce probabilities ps = 0.679 and p. = 0.321. The
FMCW trace achieves a similarity of 0.94, higher than the
OFDM similarity of 0.845, confirming that FMCW is the
better sensing branch for this sample. In the OFDM-preferred
case, the utilities [Us, U.] = [—0.45,0.63] yield p; = 0.254
and p. = 0.746. Here, OFDM achieves a similarity of 0.8090,
while FMCW degrades to 0.1253, showing that the utility
model correctly avoids the unreliable FMCW branch. These
examples directly support the design goal of SPECTRA: the
spectrally disjoint transmission provides two sensing branches,
and the utility-driven selector improves robustness by choosing
the branch that better preserves the respiration pattern under
changing conditions.

Overall, the movement trend, feature distributions, utility-
space separation, and respiration-pattern examples consistently
support the proposed adaptive sensing design. The results show
that SPECTRA can preserve reliable communication while
improving sensing robustness by selecting between OFDM
CSlI-based sensing and FMCW chirp-based sensing according
to the observed operating condition.

V. CONCLUSION

This paper presented SPECTRA, a spectrally dis-
joint OFDM-FMCW transmission framework for adaptive
mmWave ISAC. By placing a narrowband FMCW sensing
signal in spectrally available regions separated from active
OFDM subcarriers, SPECTRA enables simultaneous OFDM
communication and FMCW sensing without time-division
scheduling, intrusive OFDM modification, or additional RF
chains. Experiments on a 28 GHz mmWave ISAC testbed
show that SPECTRA reduces the effective PAPR from ap-
proximately 15.6 dB for OFDM-only transmission to 5.4 dB

at ps = 1, while maintaining acceptable EVM and BER
performance.

Beyond waveform coexistence, SPECTRA uses utility-
driven mode selection to adapt between OFDM CSI-based
sensing and FMCW chirp-based sensing according to sens-
ing quality and communication/system cost. Compared with
fixed OFDM sensing, adaptive selection improves respiration-
pattern similarity from 83.5% to 87.58% overall, with
86% similarity for OFDM-preferred samples and 89.5% for
FMCW-preferred samples. These results demonstrate the po-
tential of spectrally disjoint OFDM-FMCW transmission as a
practical substrate for robust, condition-aware ISAC sensing,
and open directions toward online chirp-power adaptation,
multi-target sensing, and broader mobility-aware deployment.
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