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ABSTRACT Integrated sensing and communications (ISACs) are poised to become one of the defining
capabilities of the sixth generation (6G) wireless communications systems, enabling the network infrastructure
to jointly support high-throughput communications and situational awareness. While recent advances have
explored ISAC for both human-centric applications and environmental monitoring, existing research remains
fragmented across these domains. This article provides the first unified review of ISAC-enabled sensing for both
human activities and environment, focusing on signal-level mechanisms, sensing features, and real-world
feasibility. We begin by characterizing how diverse physical phenomena, ranging from human vital sign and
motion to precipitation and flood dynamics, impact wireless signal propagation, producing measurable
signatures in channel state information (CSI), Doppler profiles, and signal statistics. A comprehensive analysis
is then presented across two domains: human sensing applications including localization, activity recognition,
and vital sign monitoring; and environmental sensing for rainfall, soil moisture, and water level. Experimental
results from long-term evolution (LTE) sensing under nonline-of-sight (NLOS) conditions are incorporated to
highlight the feasibility in infrastructure-limited scenarios. Open challenges in signal fusion, domain adaptation,
and generalizable sensing architectures are discussed to facilitate future research toward scalable and
autonomous ISAC.

INDEX TERMS Activity recognition, environmental sensing, human sensing, integrated sensing and
communications (ISACs), joint communications and sensing (JCAS), rainfall sensing, sixth generation (6G), soil
moisture sensing, tracking, vital sign estimation, water sensing.

INTRODUCTION
Integrated sensing and communications (ISACs) are emerging
as a hallmark feature for 6G. By combining the functionalities
of wireless communications and radio sensing within a unified
system, ISAC will enable sixth generation (6G) devices and
infrastructure to not only provide connectivity but also sense
the physical environment [1], [2], [3], [4]. At its core, ISAC
aims to unify the physical-layer operations of communications
and sensing by sharing spectral, temporal, and hardware resour-
ces, resulting in a system that is bandwidth- and energy-
efficient, context-aware, and perceptive. This co-design reduces
redundancy in radio frequency (RF) hardware chains, enables
spectrum reuse and, most importantly, makes it possible to sense

the world using the ubiquitous communications network infra-
structure. The applications of ISAC are only limited by our
imaginations, ranging from smart cities, intelligent transport,
industrial automation, digital twins (DTs), and human–machine
interaction to environmental sensing [2].
The concept of ISAC can be rooted in dual-function radar-

communication (DFRC) systems. Early research demonstrated
the feasibility of embedding communication information in
radar waveforms using techniques such as sidelobe control,
waveform diversity, and phase modulation [5], [6], [7]. These
pioneering DFRC methods showed that excellent communica-
tions can be achieved without degrading radar utilities, leading to
architectures capable of secure [8], embedded data transmission
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even under the constraints of radar operations [9]. The concept
of perceptive mobile networks (PMNs) was then introduced,
extending joint communications and sensing (JSAC) capabilities
to cellular networks [10], thereby facilitating the widespread
ISAC research activities.
ISAC has gained formal recognition in global standardiza-

tion efforts, with the ITU-R including it in the IMT-2030
vision. Kaushik et al. [11] reviewed key enabling technologies
explored by 3GPP and other bodies, such as orthogonal time-
frequency space (OTFS) modulation, metasurface-aided ISAC,
and interference management. Their work outlined the transition
of ISAC from conceptual feasibility to commercial integration,
addressing physical-layer and protocol-level challenges. The
expansion of ISAC across diverse domains includes signifi-
cant advancements in hardware systems, such as antennas
and metasurfaces.
Recent advances in antenna design have significantly contrib-

uted to the evolution of ISAC, enabling the joint fulfillment of
high-capacity data transmission and fine-grained environmental
perception. Massive multiple-input and multiple-output
(MIMO) systems, known for their spatial multiplexing and
beamforming capabilities, play a foundational role in high-
resolution sensing and robust communication [12], [13]. Com-
plementing this, analog multibeam antennas employing recon-
figurable beamforming networks, such as Butler matrices and
generalized joined coupler (GJC) matrices, allow simultaneous
beam generation with low power consumption, facilitating
energy-efficient and scalable ISAC deployments [14], [15], [16].
Simultaneous transmit and receive (STAR) antennas further
advance ISAC by enabling full-duplex operation with high isola-
tion and wide bandwidth, ideal for Interet-of-Things (IoT) sens-
ing applications [17].
Metasurface-based designs, such as space-time-coding (STC)

metasurface antennas, introduce programmable control over
amplitude, phase, and polarization, enabling adaptive sensing-
communication tradeoffs at the physical layer [18]. In parallel,
4-D antenna arrays integrate spatial, polarimetric, Doppler,
and temporal domains, supporting low-probability-of-intercept
(LPI) radar-communication fusion for secure and covert ISAC
[19]. Finally, the fluid antenna system presents a paradigm shift
by enabling reconfigurable antenna positions within a liquid
medium, providing dynamic diversity and spatial adaptability,
particularly suited for mobility-constrained and form-factor-
limited platforms [20]. These innovations collectively underpin
the physical layer transformation required for next-generation
ISAC systems, particularly in 6G and beyond.
Alongside hardware advancements, artificial intelligence

(AI) is playing a central role in enabling ISAC scalability and
adaptability. Wu et al. [21] propose a framework for
AI-enhanced ISAC, where sensing and communication com-
ponents interact through shared learning modules for applica-
tions such as AI-guided beam alignment, context-aware
waveform selection, and neural feature extraction. Luo et al.
[22] furthered this by proposing a physical-layer abstraction of
the world in static environments, dynamic objects, and material

layers, thus supporting real-time sensing in DT applications.
Strinati et al. [23] introduced distributed intelligent ISAC
(DISAC), integrating semantic communications and distrib-
uted sensor coordination for low-power, high-precision situa-
tional awareness. Furthermore, ISAC-enabled 6G DT designs
are emerging [24], [25], [26], which envision real-time repli-
cas of physical environments supported by monostatic and
coordinated bistatic sensing. These systems typically require
synchronized transmissions, tailored waveforms, and sensing-
aware protocols. These efforts represent a long-term vision of
fully integrated systems with joint performance optimization.
It is obvious that ISAC research has spanned a wide spec-

trum from waveform and hardware co-design in joint radar-
communication systems to deployment-ready sensing that lev-
erages existing wireless infrastructure. In this work, we focus
on a practical ISAC scenario where bi-static sensing is per-
formed using existing communication signals, such as 5G and
WiFi transmissions, captured by uplink/downlink receivers.
This setup does not assume synchronization with the transmitter
and access to transmitted waveforms, and avoids system-level
modifications. It enables low-cost, scalable, and deployment-
ready sensing of environmental parameters (e.g., rainfall and
water level) with minimal reliance on additional infrastructure.
Readers interested in broader ISAC architectures and sensing
configurations are referred to recent review work [2], [3], [4].
Despite extensive progress in ISAC research, a critical gap

remains unaddressed: the lack of a unified, comparative under-
standing of ISAC sensing across both human and environmen-
tal domains. Existing literature tends to fall in two categories:
either centered on physical-layer technologies such as waveform
design and MIMO architectures, and constrained to domain-
specific applications such as vehicular radar and semantic com-
munications. In contrast, system-level sensing tasks, such as
tracking human respiration using Doppler shifts and inferring
rainfall intensity through signal attenuation, operate under mark-
edly different propagation conditions, signal statistics, and per-
formance requirements. Human ISAC sensing typically occurs
in controlled indoor and near-field settings, where subtle motion
and physiological signals can be extracted from phase, Doppler,
and temporal patterns. Environmental ISAC sensing, on the
other hand, involves outdoor, long-range scenarios characterized
by material-induced attenuation, multihop reflections, and wide-
area multipath dynamics. These fundamental differences lead to
divergent feature types, hardware constraints, and deployment
strategies, underscoring the need for a generalized framework
that can bridge these use cases under a shared signal-processing
and inference architecture.
As illustrated in Fig. 1, both human and environmental phe-

nomena interact with RF signals via common mechanisms
such as scattering, absorption, and Doppler shifts. However,
their underlying characteristics differ. Human sensing often
targets fine-grained, motion-induced variations (e.g., micro-
Doppler), while environmental sensing, particularly for weather
and water-level monitoring, involves large-scale, distributed
changes in signal propagation, such as attenuation by rainfall
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and reflections from water surfaces. Interference sources also
vary. Body shadowing and orientation dominate in human sens-
ing, whereas terrain, weather, and multipath effects are key in
environmental contexts. Despite these differences, both domains
yield identifiable signal signatures in channel state information
(CSI), received signal strength indicator (RSSI), and similar
metrics. ISAC provides a unified physical framework for decod-
ing such signatures to support diverse sensing objectives.
This article addresses a critical gap in ISAC research by

providing the first cross-domain, application-layer review of
ISAC-enabled sensing, focusing on real-world feasibility and
experimental validation. It consolidates fragmented research
efforts by comparing signal features, processing methodolo-
gies, and inference strategies across human and environmen-
tal sensing domains. This unified framework accommodates
diverse channel conditions, infrastructure constraints, and use
cases, laying the foundation for developing generalizable
ISAC sensing systems.
The article consists of two main parts. The first part reviews

ISAC for human applications, including tracking, vital sign
monitoring, and activity recognition. The second part delves in
environmental sensing using ambient RF signals, including
rainfall, soil moisture, and water level sensing, validated
through experiments with long-term evolution (LTE) and WiFi
signals under nonline-of-sight (NLOS) conditions. In each
aspect, representative works are critically reviewed, feature
extraction and modeling approaches are summarized, and
shared challenges are identified with future visions provided.
The remainder of the article is structured as follows. In

“ISAC Fundamentals” section reviews the physical propaga-
tion model for ISAC-enabled sensing. In addition, it highlights
key communication metrics for sensing applications. In “ISAC
for Human Sensing” section presents recent advances in

ISAC-based human sensing, covering typical applications such
as localization and tracking, vital sign estimation, and activity
recognition. In “ISAC for Environmental Sensing” section
provides a comprehensive analysis of environmental sensing
use cases. It synthesizes literature and field results in rainfall
sensing, soil moisture estimation, and water level monitoring
related to ISAC. It also provides a water sensing case study
based on our preliminary experimental results. In “Concluding
Remarks and Open Challenges” section concludes the article by
summarizing open challenges and highlighting future research
directions.

ISAC FUNDAMENTALS
To begin with, we outline the fundamentals and core princi-
ples of ISAC, focusing on signal modeling, key signal met-
rics, and their application to both human and environmental
sensing.

Wireless Channel Propagation Model
Most ISAC studies so far are based on orthogonal frequency-
division multiplexing (OFDM) and alike multicarrier wave-
forms, such as OTFS. OFDM has wide applications in modern
wireless communications systems including WiFi, cellular and
satellite. Hence, our signal model descriptions here are based
on OFDM. After channel estimation in OFDM systems, a
so-called channel frequency response (CFR) can be obtained,
which depicts the interactions of wireless signals with propaga-
tion environments. In particular, CFR describes how the chan-
nel varies with frequency and is influenced by different factors
such as delay, Doppler shift, and the Angle of Arrival (AoA)
and Angle of Departure (AoD) [27], [28], [29]. In a typical
multiantenna system, the CFR from the it th transmitting
antenna and the ir th receiving antenna over the jth subcarrier

FIG. 1. Conceptual framework unifying human and environmental ISAC sensing. Physical phenomena alter wireless signal propagation (e.g., through Dopp-
ler, fading, and phase shifts), producing observable signatures such as CSI fluctuations and time–frequency patterns. These are processed using propaga-
tion models, signal statistics, and learning-based inference to detect both human and environmental activities.
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and kth OFDM symbol can be expressed as follows:

Hit ,ir ,j,k ¼ bk e
−J½2pðDfjDsTOk þDf CFOk kTsÞþ/it ,ir �
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where bk is the power variation factor, caused by effects such
as automatic gain control (AGC) and variations in transmission
power; DsTO and Df CFO denote the timing offset (TO) and car-
rier frequency offset (CFO) caused by clock asynchrony; /it ,ir
is the hardware-induced offset, such as differences between
antennas, cables, and RF chains; qit ,ir ,j,k is the path loss; Dfj is
the frequency of the jth subcarrier; s is the propagation delay;
f D is the Doppler shift; Ts is the OFDM symbol interval; hr and
ht are the AoA and AoD, respectively; Ddr and Ddt represent
the spacing between antennas at the receiver and transmitter; fc
is the center carrier frequency; and c is the speed of light.
The CFR model in (1) supports both human and environmen-

tal sensing, but key components differ. Human sensing involves
localized, periodic changes in, e.g., f D½l�, s½l�, and the set of l
over a small set of k, often requiring fine resolution in hr½l� and
ht½l�. Environmental sensing, in contrast, exhibits broader and
slower changes. Rainfall and water level shifts affect qit ,ir ,j,k½l�,
s½l�, and bk across j and k. NLOS reflections from terrain and
water introduce wide angular spread in hr½l� and ht½l�, favoring
statistical features over instantaneous inference.

Communication Metrics as Sensing Proxies
In commercial wireless communication systems, various
physical-layer measurements are available, thus enabling accu-
rate sensing without hardware modification. In the following,
we focus on commonly used metrics, including signal strength
indicators and CSI.

Signal Strength and Quality Indicators

Signal strength features, including RSSI, reference signal
received power (RSRP), reference signal received quality
(RSRQ), and signal-to-interference-plus-noise ratio (SINR),
are among the most accessible and widely used metrics in
wireless sensing [30], [31], [32]. These features are natively
supported by most commercial devices and are easy to extract
without specialized hardware and drivers. For instance, RSSI
can be directly accessed from smartphones, WiFi routers, and
IoT devices via standard application programming interfaces
(APIs). Likewise, these indicators are routinely reported by
cellular modems and baseband processors in 4G LTE and 5G
NR terminals as part of network measurement reports.
While these indicators provide a low-cost and readily

accessible entry point for basic presence detection and coarse
environmental dynamics estimation, their inherent limitations
significantly restrict their effectiveness in fine-grained sens-
ing tasks. First, their values are typically coarse, quantized,

and often averaged over multiple time and frequency resource
blocks, resulting in low sensing resolution. Furthermore, these
indicators lack the ability to resolve individual multipath com-
ponents, making it difficult to distinguish target-induced signal
changes from background clutter and static reflections. As a
result, sensing models trained solely on such features are often
environment-dependent, exhibiting poor generalization perfor-
mance across different deployment scenarios. Despite their
accessibility, these signal strength and quality indicators fall
short of meeting the resolution and robustness requirements of
fine-grained sensing systems.

CSI

To address the limitations of coarse signal strength indicators,
recent research has shifted toward using CSI, which captures
fine-grained channel characteristics by providing amplitude
and phase measurements for each subcarrier. CSI can be
extracted from 4G/5G signals. In LTE systems, CSI is typically
estimated from cell-specific reference signals (CRSs) through
frame synchronization and channel estimation, and supported
by open-source tools such as srsLTE [33] and OpenLTE [34].
In WiFi-based sensing, CSI has been extensively studied, with
several open-source tools, such as the Intel 5300 CSI Tool [35],
Atheros CSI Tool [36], and Nexmon CSI [37], [38], enabling
CSI extraction from commodity hardware. Access to raw CSI
data remains restricted in many commercial WiFi chipsets, pos-
ing challenges for widespread ISAC deployment. Compared to
signal strength indicators, CSI offers higher spectral resolution
and better multipath separability, making it ideal for developing
fine-grained and robust ISAC applications.

ISAC FOR HUMAN SENSING
The ability to sense human presence, motion, and physiologi-
cal signals in a contactless, device-free manner is highly desir-
able for healthcare, smart environments, and public safety.
ISAC-based sensing offers a passive, privacy-preserving alter-
native to wearable and cameras by exploiting the variation of
signals from existing wireless infrastructure. In the following,
we will focus on key human sensing technologies in ISAC sys-
tems, including CSI preprocessing, feature extraction, location-
refined sensing, and deep learning. Then, we present case
studies to illustrate their practical effectiveness.

Clock Asynchronism Removal Technologies
Despite the high resolution and rich channel characteristics
provided by CSI, its application in ISAC systems—particularly
bi-static architectures where the transmitter and receiver are
separately deployed without a unified clock source—remains
technically challenging. In such transceiver setups, CSI is
affected by the TO and CFO, resulting in time-varying ran-
dom phase shifts across CSI measurements. These distortions
severely hinder the extraction of meaningful motion-induced
features. To address this challenge, a variety of techniques
[27], [39], [40], [41] have been proposed from various
domains.
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Cross-Antenna Cross-Correlation (CACC)

CACC [42], [43] computes conjugate multiplication between
Rx antenna pairs to remove random phase offsets while pre-
serving linear signal relationships. However, due to similar
antenna power levels, Doppler mirroring may occur, making it
difficult to determine motion direction. Recent works have pro-
posed enhanced CACC methods for random phase offset
removal. WiDFS [44] and WiDFS 2.0 [29] introduce a variant
of CACC for multiantenna setups, which constructs differen-
tial terms using static signal components across antenna pairs
rather than relying solely on cross-correlation. A linear trans-
formation is then applied to suppress Doppler mirroring while
preserving the linearity of signal components. This approach
offers low computational complexity and is applicable to both
single-target and multitarget scenarios.

Cross-Antenna Signal Ratio (CASR)

CASR [45], [46], [47], [48] uses CSI ratio between antennas to
remove automatic gain control and Doppler ambiguity. Yet, its
performance degrades when multiple Doppler components
occur, and the resulting nonlinear form complicates delay and
AoA estimation.

Reference Signal

Some methods [49], [50] exploit subcarrier frequencies to con-
struct single-antenna phase references. While requiring suffi-
cient bandwidth, they offer good hardware compatibility but
also suffer from Doppler mirroring under narrowband condi-
tions. Some approaches [51] construct reference signals from
the AoA domain using multiantenna arrays. However, antenna
hardware diversity can compromise the accuracy of the refer-
ence signal construction.
A comprehensive comparison of CSI random phase removal

methods can be found in [28], which systematically evaluates
their effectiveness, limitations, and applicability across differ-
ent ISAC scenarios.

Multidomain Feature Extraction
With the intended signal captured, the next step is to extract
multidomain features, including Doppler, delay, and AoA
across the temporal, spectral, and spatial dimensions, respec-
tively. Due to the phase correction, these features are computed
relative to a reference signal path. In most existing works, the
line-of-sight (LOS) path between the fixed transmitter and
receiver with strong and stable power is commonly used as the
reference. Within the strongest signal component, the Doppler
shift reflects motion induced purely by human motion. The
delay represents the difference in path length between the
NLOS reflection caused by the human body and the LOS path.
And the AoA represents the angular difference between the
direct Tx-Rx path and the human reflection path. However,
some existing approaches [42], [52] extract only Doppler fea-
tures to achieve human tracking. Such Doppler-based methods
often suffer from accumulated trajectory errors over time and
typically require multiple Tx-Rx pairs for real velocity

estimation. This increases deployment cost and limits scalabil-
ity in practical systems. In contrast, the multidimensional
parameter estimation aims to jointly extract these features and
can operate with a single-input multiple-output (SIMO) config-
uration (a 1Tx-3Rx setup). The following mainly focuses on
the multidimensional approaches for fine-grained human per-
ception across different signal domains.

Joint Optimization-Based Feature Extraction

Widar2.0 [43] and mD-Track [53] perform joint parameter
estimation using maximum likelihood estimation (MLE).
These methods typically rely on CACC-based preprocessing
and construct a likelihood function over the 3-D parameter
space. While they achieve effective localization through itera-
tive refinement, they often suffer from high computational
complexity and require precise initial guesses, which may limit
their real-time applicability in dynamic environments.

Sequential Processing-Based Feature Extraction

To ensure real-time performance in human sensing, WiDFS2.0
[29] proposes a lightweight multidimensional feature extraction
method. It first applies the CACC-variant technique to eliminate
random phase and Doppler mirroring. This yields a 3-D CSI cube
indexed by time, subcarriers, and antenna pairs. A beamforming-
based feature extraction process is presented as follows.
1) Doppler FFT: WiDFS2.0 applies a Doppler fast Fou-

rier transform (FFT), exploiting its high resolution to
isolate moving targets in the Doppler domain. Doppler
typically exhibits higher resolution than delay and AoA
under communication system constraints, allowing for
better separation of moving targets.

2) Delay MVDR: For each Doppler bin, it performs delay-
domain minimum variance distortionless response
(MVDR) beamforming using antenna-pair snapshots.

3) AoA FFT: For each Doppler–Delay bin, it uses MVDR
weights to each antenna pair, followed by an AoA FFT
to estimate the spatial direction. This process yields a
complete Doppler–Delay–AoA 3-D feature map. The
beamforming operation in the delay and spatial domains
enhances resolution and effectively suppresses sidelobes.

Location-Based ISAC Human Sensing
After the multidomain feature extraction process, a 3-D feature
tensor across the Doppler–Delay–AoA dimensions, along with
residual signal components within each bin, can be obtained.
On this basis, ISAC-based human sensing systems typically
perform three core sensing tasks: human localization and track-
ing, vital sign monitoring, and activity recognition. In the fol-
lowing, we first introduce target localization and tracking, and
then describe how the estimated position can serve as a spatial
filter to focus on target regions in vital sign and activity sensing
tasks, thereby improving sensing accuracy and robustness. To
the best of our knowledge, most existing ISAC methods make
limited use of position information as an effective filter in sens-
ing tasks.
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Localization and Tracking via Feature Point Clouds

The work [29] designs a real-time passive human tracking
framework based on Doppler–Delay–AoA features. The sys-
tem integrates 2-D constant false alarm rate (CFAR)-based tar-
get detection and an extended Kalman filter (EKF)-based
tracking to achieve accurate and low-latency tracking.
1) Object Detection via 2-D CFAR: The 3-D Doppler–

Delay–AoA feature tensor can be compressed in a 2-D
Doppler–AoA heatmap, and apply a 2-D CFAR detec-
tion algorithm to identify potential targets. Since the
Doppler and AoA domains offer relatively high resolu-
tion compared to the delay domain, this 2-D projection
enables accurate target detection. Each detected bin
yields a point cloud, consisting of delay, AoA, Dopp-
ler, and SNR, where the SNR can be used to indicate
the likelihood of a true target.

2) Real-Time Tracking via EKF: The EKF can be used to
achieve tracking of human targets with low computational
overhead. For more complex multitarget scenarios, Joint
Integrated Probabilistic Data Association (JIPDA) can
be employed to improve robustness against clutter and
closely spaced targets. Due to the inherently low resolu-
tion in the delay domain, the weighted joint optimization
is performed across point clouds collected over multiple
short-time windows, where SNR is used to weight the
contribution of each detection. This allows more reliable
trajectory initialization and update. The complete EKF
tracking process includes the following steps.
a) Track initialization and coordinate transformation:

To initiate a new track, the delay and AoA values
corresponding to each detected target point are
extracted. As these values are computed relative to
a known reference path (typically the LOS path),
they are transformed into absolute coordinates using
the known positions of the transmitter and receiver.
This yields the initial position of the target in Carte-
sian space. The initial state of each track includes the
target’s position, velocity, and acceleration, based on a
constant-acceleration motion model, which assumes
the target moves with approximately uniform acceler-
ation over short time intervals.

b) Track prediction: At each time step, the EKF pre-
dicts the future state of each active track. This
includes forecasting the target’s position, velocity,
and acceleration based on the previous state. The
prediction step allows the tracker to estimate the
most probable location of each target in the next frame,
providing a basis for subsequent data association. This
is particularly important when dealing with temporary
occlusion and cluttered environments, where direct
observations may be intermittent and noisy.

c) Point-to-track association: Once new detections are
available, the tracker attempts to associate them
with existing tracks. In simple scenarios, this can be
done using Euclidean distance. In complex

environments, a more robust Mahalanobis distance
can be used, which considers multiple features
including position, Doppler, and SNR. Those detec-
tions that fall within a defined gating region are
assigned to tracks.

d) Assigned track update: If a valid detection is assigned
to a track, the EKF updates its state estimate. The new
measurement is combined with the predicted state to
refine the track’s estimate of the target’s position,
velocity, and acceleration. This step improves tracking
accuracy and corrects accumulated prediction errors.

e) Unassigned track update: Tracks that do not receive
a matching detection in a given frame are not immedi-
ately discarded. Instead, their states can be updated
based on motion prediction alone and marked as
“tentative”. If a track continues to be unassigned over
several frames, it is eventually removed.

f) Creating new tracks: Any new detections that are not
associated with existing tracks are treated as potential
new targets. These are used to initialize new tracks,
which enter the tracker as tentative candidates. Tracks
are promoted to confirmed status once they are con-
sistently detected over multiple frames.

g) Maintaining active tracks: The tracker checks the
status of all tracks. Confirmed tracks are maintained
as long as they continue to receive updates and valid
predictions. Tentative and low-confidence tracks are
removed if they fail to meet confirmation and per-
sistence criteria. In addition, in static environments
where no human motion is present, the system
should theoretically observe no active tracks. There-
fore, the absence of any initialized and sustained
tracks can be used as an indicator that no moving
targets are currently present, providing a lightweight
mechanism for motion presence detection.

Location-Based Vital Sign Estimation

Most existing approaches [54] directly utilize CSI phase varia-
tions to detect a target’s vital signs. However, the Doppler–
Delay–AoA features can be employed as a spatial-temporal fil-
ter to effectively isolate signal components associated with the
estimated position of the target. The phase information of the
residual CSI signals in the selected bin is then used, as it is
highly sensitive to subtle micro-motions of the human body.
This enables noncontact estimation of vital signs such as respi-
ration and heartbeat. The underlying principle is based on the
periodic movement of the chest and heart, which induces small
changes in the propagation path length and, consequently, the
phase of the received signal. However, for communication sig-
nals with lower operating frequencies (e.g., 2.6 GHz LTE and
5 GHz WiFi), the longer wavelengths (approximately 11.5 and
6 cm, respectively) enable the detection of larger periodic
motions such as breathing, but are somewhat less effective at
capturing subtle movements such as heartbeats. The process
consists of the following key steps.
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1) Static Target Localization and Phase Extraction: For
stationary human targets, the dominant motion typi-
cally arises from the rhythmic expansion and contrac-
tion of the chest. To isolate such subtle movements
from environmental clutter, we leverage the Doppler
dimension to identify low-velocity components corre-
sponding to static human reflections. A longer time
window is required to improve Doppler resolution and
suppress noise. Based on this, we identify the target’s
location bin from the estimated Doppler–Delay–AoA
feature cube, selecting the strongest static reflection
associated with the human body. Within the selected
bin, we extract the phase of the residual CSI signals
over time.

2) Phase Differencing: As the human body cannot remain
perfectly stationary, slow drifts and body sway intro-
duce phase fluctuations unrelated to respiration and
heartbeat. To suppress these motion impacts, we com-
pute the differential phase, which highlights chest and
heart micro-motions while suppressing low-frequency
trends.

3) Filtering and Frequency Estimation: The differential
phase signal is then passed through two bandpass filters
to isolate the typical frequency ranges of respiration (e.g.,
0.1–0.5 Hz) and heartbeat (e.g., 0.8–2 Hz). We subse-
quently apply frequency estimation methods such as the
FFT and high-resolution spectral estimators (e.g., MUSIC
and ESPRIT) to extract the dominant frequency compo-
nents, enabling accurate vital sign estimation.

Location-Based Activity Recognition

For activity recognition, we can aggregate high-resolution
Doppler signatures over multiple time windows at the target’s
estimated location to construct Doppler features, enabling fine-
grained characterization of human movements. Building upon
this, additional motion cues such as gait patterns [55] can also
be extracted, which further support user identification tasks
[56]. The human body is a nonrigid structure, and different
activities involve different body parts moving at various speeds
and directions, which induce distinct patterns in the Doppler
domain-referred to as the micro-Doppler effect [57]. While
body movement also affects the delay and AoA dimensions,
the limited bandwidth and antenna amount in practical ISAC
systems result in low resolution, making it difficult to resolve
fine-grained limb movements in delay and spatial domains. In
contrast, the Doppler domain offers higher resolution, making
it a primary feature for activity sensing. Importantly, the Dopp-
ler patterns generated by the same activity (e.g., walking, wav-
ing, and falling) tend to be similar and repeatable. This
characteristic enables the application of machine learning and
deep learning models to classify activities and gestures. The
process consists of the following three key stages.
1) Micro-Doppler Feature Extraction: For each time win-

dow, we extract the 1-D Doppler signature from the
Doppler–Delay–AoA feature cube by selecting the
Doppler profile at the target’s identified delay and AoA

bin. Since human activities are continuous in time, we
aggregate Doppler profiles across consecutive time win-
dows to form a micro-Doppler representation, which cap-
tures dynamic patterns of body movement. Depending on
the applications, the window duration and overlap size
can be adjusted to obtain finer temporal resolution and
better frequency stability.

2) Temporal Segmentation: A key challenge in activity
classification is how to segment continuous behaviors
into meaningful temporal units. We propose treating
this as an automatic segmentation task, analogous to
voice activity detection in speech processing, and are
currently exploring the use of pretrained speech seg-
mentation networks to perform unsupervised activity
boundary detection.

3) Activity Classification: Identical activities typically
produce similar Doppler patterns, which can be classi-
fied using template matching, classical machine learn-
ing, and deep learning approaches. However, several
real-world factors introduce significant variability into
the micro-Doppler signatures, including differences in
user position, body morphology, motion style, and
transceiver placement. These variations can impact the
Doppler magnitude, frequency dispersion, and the tem-
poral evolution of features, thereby affecting classifica-
tion accuracy. Therefore, effective activity recognition
requires not only the extraction of high-resolution and
robust micro-Doppler features, but also the design of
models with strong generalization capability.

Data-Driven Learning Human Sensing
In recent years, data-driven deep learning techniques have
played an increasingly prominent role in ISAC-enabled human
sensing. Advances in convolutional neural networks, recurrent
architectures, and transformer-based models have enabled the
extraction of high-level semantic representations from raw sig-
nal inputs. These models have demonstrated promising perfor-
mance in various sensing tasks. More recently, the integration
of large language models (LLMs) and foundation models into
sensing applications has opened new opportunities. These
foundation model-driven sensing offers enhanced reasoning,
better generalization, and cross-domain adaptability, marking a
new frontier in ISAC research [58].

Unrefined Signal Representation

Despite growing interest in deep learning for ISAC, most exist-
ing studies [59], [60], [61] rely on raw CSI data and thus suffer
from random phase offsets, and apply relatively coarse-grained
feature extraction prior to learning. For example, many works
[62] remove random phase and directly perform Doppler FFT
to obtain spectrogram-like features, which are then processed
by well-designed neural networks. While these approaches
have yielded encouraging results, they tend to primarily focus
on network architecture design, with less emphasis on the physi-
cal characteristics and interpretability of the input features. As a
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result, the generalization of these models across different envi-
ronments and deployment conditions remains limited.

Refined Signal Representation

The learning process should begin with the extraction of mean-
ingful and interpretable features guided by signal models, fol-
lowed by deep learning-based classification and regression.
Unlike image and text inputs, and wireless sensing signals are
governed by well-defined physical models. This structure ena-
bles the extraction of high-level features that carry physical
meaning prior to learning. These features not only enhance
model interpretability but also facilitate better generalization.
For example:
1) Localization and Tracking: One can extract candidate

targets from the Doppler–Delay–AoA feature cube using
interpretable methods such as 2-D CFAR, which is
grounded in radar signal processing theory. These
extracted point clouds can be then processed by learning-
based models [63], [64] for trajectory association and
prediction.

2) Vital Sign Estimation: One can analyze the phase varia-
tions corresponding to chest and heart movement.
These features are directly tied to physiological activity
and can be further enhanced using ECG-inspired tem-
poral deep learning models to improve respiration and
heart rate detection accuracy.

3) Activity Recognition: One can construct micro-Doppler
features from the time evolution of Doppler signatures.
These patterns are closely aligned with body kinemat-
ics and allow us to incorporate prior knowledge from
radar-based sensing into the ISAC framework.

Human Sensing Case Study
In the following, we present two case studies: random phase
removal and vital sign estimation, to illustrate the practical
sensing capabilities enabled by CSI signal processing.

Random Phase Removal

We conduct an experiment to demonstrate the effect of random
phase removal using different methods. An NI Massive MIMO
testbed serves as the base station (BS), and a USRP device acts
as the user equipment (UE). The BS and UE are deployed in a
typical indoor laboratory environment containing static multi-
path components from walls, floors, desks, chairs, and monitors.
The transmitter and receiver are placed 2.2 m apart, with the
transmitter positioned at an angle of 50� relative to the receiver

antenna array. Uplink CSI is collected from 3.1 GHz LTE pilot
signals with 100 subcarriers over a 20 MHz bandwidth. During
the experiment, a human target moves along a 2-m by 3-m rect-
angular trajectory, with the distance to the transmitter varying
between 2 and 5 m. Fig. 2 shows Doppler–time heatmaps illus-
trating the impact of random phase removal, generated using
raw CACC, CASR, CACC-variant, and single-antenna meth-
ods. Since the Doppler shifts are similar across antennas, apply-
ing raw CACC, i.e., computing the conjugate product between
CSI measurements from two antennas, produces mirror-like
Doppler components at both þf D and −f D with comparable
amplitudes, as can be seen from Fig. 2(a). This leads to ambigu-
ity in distinguishing whether the target is approaching and mov-
ing away, as reflected by the symmetric Doppler signatures
along the vertical axis. In contrast, the multiantenna CASR and
CACC-variant methods in Fig. 2(b) and (c) effectively suppress
these mirror components, enabling more accurate Doppler
extraction. However, CASR disrupts the inherent linear relation-
ships between delay and AoA in the CSI data, which compli-
cates subsequent feature extraction steps. On the other hand, the
CACC-variant approach requires at least three receiving anten-
nas. For the single-antenna approach, only the delay and Dopp-
ler dimensions are available. In this case, a reference signal is
constructed from the delay domain to estimate relative TO and
CFO across CSI measurements. Then, their effects can be elimi-
nated by computing the conjugate product between the reference
signal and the original CSI. As a result, random phase distor-
tions can be suppressed even in single-antenna configurations,
shown in Fig. 2(d). This method leverages both temporal and
spectral domain features, but its performance is inherently con-
strained by the limited bandwidth. The results demonstrate that
the proposed methods effectively resolve Doppler ambiguity
and yield clearer, more stable Doppler signatures.

Location-Based Vital Sign Estimation

In this experiment, a human subject remains seated in a static
indoor environment. A 5 GHz WiFi signal is utilized for CSI
collection, with a 1TX-3RX configuration based on Intel 5300
NICs. The system operates at a center frequency of 5.32 GHz,
with a CSI sampling rate of 1 kHz. The transmitter and
receiver are placed 2 m apart with a LOS path, and both are
deployed in the same laboratory environment. The vertical dis-
tance between the subject and the transceiver is approximately
4 m. As illustrated in Fig. 3, the proposed location-refined vital
sign sensing approach enables the extraction of both respira-
tion and heartbeat signals from the residual CSI phase. We first

(a) (b) (c) (d)

FIG. 2. Doppler-time heatmaps demonstrating the effectiveness of random phase removal methods based on 3.1 GHz LTE signals. (a) Raw CACC. (b) CASR.
(c) CACC-variant. (d) Single-antenna.

IEEE Journal of Selected 
Topics in Electromagnetics, 
Antennas and Propagation

VOLUME 1, 2025 91



leverage the method described in “Location-Based ISAC
Human Sensing” section to estimate the target’s position in the
Doppler, delay, and AoA dimensions. Since chest movements
caused by respiration induce Doppler shifts, we apply a sliding
window of 2 s with a step size of 0.1 s. Within each window,
we remove the CSI mean to suppress static clutter and apply
FFT along the temporal axis to obtain Doppler representations.
The target bin with the largest magnitude is selected as the
dominant Doppler component. Based on this, additional FFTs
are applied along the delay and AoA dimensions to further
suppress interference. The phase of the dominant bin across all
dimensions is then extracted, as shown in Fig. 3(a). Then, we
perform phase differencing and apply a low-pass filter with a
cutoff frequency of 2 Hz to extract the respiration waveform,
as shown in Fig. 3(b). Some sharp peaks observed in the wave-
form are attributed to heartbeat-induced micro-vibrations. As
shown in Fig. 3(c), we apply a bandpass filter in the 0.8–2 Hz
range and a smoothing process to isolate the heartbeat signal.
The estimated respiration rate is approximately 22 breaths per
minute, consistent with manual counting. The heart rate is
around 75 beats per minute, matching the measurement from a
smartwatch. These results confirm the feasibility of noncontact
physiological monitoring using commodity WiFi hardware.

ISAC FOR ENVIRONMENTAL SENSING
ISAC has recently been extended beyond vehicular and indus-
trial applications into environmental domains, enabling low-
cost, large-scale monitoring using existing wireless infrastruc-
ture. By extracting environmental signatures embedded in
ambient communication signals, ISAC supports scalable sens-
ing to obtain rainfall, soil moisture, and water level data. In the
following, we present key contributions in these domains and
report a real-world water sensing case study.

Overview of ISAC Environmental Sensing Works

Rainfall Sensing

Rainfall-induced signal attenuation provides a natural mecha-
nism for opportunistic rainfall estimation using existing wire-
less infrastructure. ISAC studies in this area commonly rely on
the empirical A–R relationship, A¼ aRb, linking signal attenu-
ation A (in dB/km) to rainfall rate R (in mm/h), with parame-
ters calibrated to frequency and drop size distribution. Field
campaigns using mmWave links (e.g., 25–38 GHz) have

demonstrated the ability to differentiate between convective
and stratiform rain types based on link dynamics [65].
Recent approaches combine time-series signal features (e.g.,

RSSI fade slope and link asymmetry) with deep learning mod-
els such as recurrent neural networks (RNNs) to enhance spa-
tial and temporal resolution [66]. Urban-scale link tomography
has also been used to reconstruct rainfall fields using incom-
plete and lossy data streams [67]. Some lightweight methods
exploit LTE/5G signal metrics (e.g., RSRP and RSSI) from
mobile devices to detect rainfall onset with high accuracy in
edge-based setups [68], [69]. While promising, current ISAC
rainfall sensing remains limited by multipath interference, the
narrow dynamic range of power-only metrics, and the need for
frequent recalibration across regions.

Soil Moisture Sensing

Soil moisture changes the dielectric permittivity of soil, which
modulates RF propagation delay, phase, and reflectivity—making
it a natural candidate for ISAC sensing. Theoretical models such
as Dobson and Mironov relate volumetric water content h to
eðhÞ, which in turn influences observable features such as phase
shift (D// ffiffi

e
p

) and interface reflectivity (C). These relation-
ships form the basis for reflectometric and delay-based sensing.
On the system side, LoRa-based soil probes using RSSI-

phase correlation have achieved sub-4% moisture error in test-
beds [70], while passive CSI-basedWiFi platforms such as Soil-
TAG extract moisture-sensitive subcarrier profiles for in-situ
tracking [71]. Ambient LTE downlink signals have also been
reused for passive sensing using matched filtering and RSRP
monitoring [72], offering power-efficient alternatives in agri-
cultural deployments. At larger scales, GNSS reflectometry
(GNSS-R) has shown strong sensitivity to both surface and
root-zone soil moisture in diverse terrain, with RMSEs under
0.05 cm3 in some campaigns [73], [74].
Despite these advances, ISAC soil moisture sensing faces

challenges related to soil type heterogeneity, and changing sur-
face conditions. Addressing these issues will likely require fuz-
ing RF features from different systems, supported by physically
informed learning models.

Water Sensing

Compared to rainfall and soil moisture, ISAC-based water
level sensing is less mature but increasingly relevant for flood
detection and hydrological monitoring. Water surfaces affect

(a) (b) (c)

FIG. 3. Location-based vital sign monitoring based on 5 GHzWiFi signals. (a) Raw phase feature. (b) Extracted respiration waveform. (c) Extracted heartbeat
waveform.
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signal reflection paths, Doppler spread, and phase coherence—
especially in low grazing-angle and NLoS settings. Simulation
studies and field experiments have shown that fluctuations in
CSI magnitude, time-of-flight (ToF), and beam directionality
can indicate changes in surface water height [75], [76]. To
illustrate the practical feasibility of ISAC water sensing, we
present a field study using passive LTE-based water sensing
conducted at a riverside test site in Sydney, Australia. This is
detailed next.

LTE-Based Water Sensing Case Study
To investigate the feasibility of ISAC-style passive water sens-
ing, a field campaign was conducted at the University of Tech-
nology Sydney (UTS) Haberfield Rowing Club (Fig. 4),
located alongside the Parramatta River in Sydney, Australia.
The setup comprised a software-defined radio (SDR) receiver
and a high-precision sonar-based water level sensor. As shown
in Fig. 4, simple monopole antennas, as attached to an indoor
whiteboard, are used for the SDR receiver. Operating in a
NLoS geometry relative to surrounding infrastructure, the
SDR nonetheless captured strong downlink signals from seven
LTE cells, spanning four major bands commonly used in Aus-
tralia (Bands 1, 3, 5, and 28). This passive, infrastructure-
agnostic deployment enabled rich multiband, multicellular sig-
nal observation over natural tidal cycles, offering a realistic
testbed for assessing ambient RF sensing capabilities in dynamic
riverine environments.
Conversely, signals from higher frequency bands (e.g.,

Bands 1 and 3) demonstrate weaker and lagged responses, pos-
sibly due to their limited interaction with water-reflected and
refracted paths. These differences illustrate that environmental
sensitivity varies across frequency bands and cell geometries.
Exploiting such multiband diversity can therefore improve
the robustness and adaptability of ISAC-based water sensing
systems.
To investigate short-term environmental influences, we ana-

lyzed subframe-level RSSI samples captured at two distinct

times separated by 6 h. Fig. 5 plots the measured RSSIs for
seven PCIDs across the two snapshots. While perfectly stable
propagation would align points along the diagonal, the observed
spread and centroid displacement clearly indicate time-varying
signal characteristics. Given that these temporal shifts coincide
with the changing tide (confirmed from sonar measurements in
Fig. 6), the results suggest that even short-term, small-scale
water level variations can perturb multipath structures suffi-
ciently to be captured by LTE signals. This supports the
hypothesis that water-induced changes in propagation delay,
scattering, and surface reflection are detectable even under
NLoS conditions.
Building on these feature observations, we initially devel-

oped a regression-based model to predict water level using
low-level LTE metrics. A simple linear regression was trained
on 12 h of feature data—including RSRP measurements from
seven LTE carriers to predict the water level at 10-min inter-
vals in the next 12 h. As shown in Fig. 7, the model output
closely tracks the sonar ground truth during the 12 h testing
phase, achieving a root-mean-square error (RMSE) of
7.36 cm. The relatively low error and consistent tracking
despite the use of basic linear models suggest that ambient RF
signals carry sufficiently strong environmental signatures for
accurate sensing, even without complex preprocessing and
extensive feature engineering.
Building on the promising results of initial experiments, our

recent research has expanded into several directions aimed at

FIG. 4. Experimental water sensing deployment at the UTS Haberfield Row-
ing Club. A passive SDR receiver with two monopole antennas are placed
indoors, and a sonar-based water level sensor is installed under the wharf
structure. Downlink signals from multiple LTE BSs are captured by the SDR
receiver in NLoS conditions.

FIG. 6. RSRP traces from LTE carriers overlaid with sonar ground-truth
water level. Variations in correlation strength across bands reflect different
propagation sensitivities to tidal dynamics. Bn denotes Band-n, with n taking
1, 3, 5 and 28, and Cm denotes Cell-m, where m is the index of different cells
identified for each band.

FIG. 5. Scatterplot of LTE RSSIs (1 ms subframe samples) measured at
18:00 (13 April) and 00:00 (14 April). Displacements from the diagonal cap-
ture significant propagation changes linked to water level variation.
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improving the sensitivity, robustness, and generalizability of
ISAC water-level sensing. As illustrated in Fig. 8, a prototype
system was tested at Rhodes Waterside, along the Parramatta
River in Sydney, Australia, where downlink cellular signals
from a distant BS were captured by a ground-based antenna
array. Through advanced space-time signal processing, the sys-
tem extracted joint Doppler–AoA features [Fig. 8(b)] and
achieved highly accurate water-level estimates that closely
match ground truth measurements [Fig. 8(c)]; refer to [77] for
more technical details.
To further enhance performance, finer-grained physical-

layer features, such as CSI amplitude and phase profiles,
Doppler spread, and polarization, are being explored, with
some interesting results presented in [78]. In addition, fusion
of heterogeneous signal sources, including LTE and WiFi, is
under active development to improve spatial and temporal sens-
ing resolution. Complementing these efforts, physics-informed
machine learning models are being integrated to support robust
generalization across varying environmental conditions, channel

dynamics, and infrastructure layouts. Together, these effort rep-
resent an active and evolving research paradigm toward scal-
able, infrastructure-leveraged ISAC solutions for environmental
sensing.

CONCLUDING REMARKS AND OPEN CHALLENGES
This article has presented the first unified analysis of ISAC-
enabled sensing across both human and environmental domains.
By bridging near-field, human-centric applications such as
motion tracking and vital sign monitoring with far-field environ-
mental sensing tasks including rainfall estimation, soil moisture
detection, and water level monitoring, we highlighted the com-
mon physical mechanisms through which diverse phenomena
affect wireless signal propagation. These mechanisms give rise
to measurable signatures in amplitude, phase, Doppler, and
channel statistics that can be exploited through both physics-
driven models and learning-based inference.
We reviewed representative works across both domains,

identifying the distinct propagation conditions, sensing fea-
tures, and system requirements that characterize each. Through
field experiments involving passive LTE signal capture, we
demonstrated the feasibility of using ambient RF infrastructure
for real-time water sensing in NLOS scenarios. These findings
validate the practical relevance of ISAC sensing beyond theo-
retical and simulation settings.
A key insight from this cross-domain review is that, despite

task-specific implementations, many ISAC sensing systems
operate on shared physical mechanisms, essentially the signal
changes caused by environmental and physiological dynamics.
This suggests that ISAC need not remain a fragmented collec-
tion of siloed applications. Instead, we argue that ISAC is
poised to evolve into an integrated sensing layer embedded
within communication infrastructure, which is capable of sup-
porting diverse tasks through modular signal acquisition, uni-
fied feature representations, and adaptable inference strategies.
While existing deployments often target isolated use cases, our
unified framework illustrates how a general-purpose ISAC sys-
tem can emerge from common building blocks across domains.
Eventually, sensing applications can be realized as APPs running
on BS and phone sides. This, however, will require progress in
abstraction, coordination, and context-aware system design.
Looking forward, several open challenges are identified,

detailed as follows.

Human Sensing Under Weak LOS and NLOS Scenarios
Most existing ISAC systems rely on a static LOS path between
the transmitter and receiver to extract key features such as
Doppler, delay, and AoA for passive human sensing. However,
this assumption often breaks down in practical indoor environ-
ments, where the LOS path may be blocked and completely
absent. For example, sensing indoors using mobile signals gen-
erally does not have a LOS path, and WiFi sensing indoors
with transceivers in different rooms can suffer from complex
multiplex propagation environments. In such weak LOS and

FIG. 7. Estimated versus ground-truth water level using a linear regression
model trained on LTE RSRP signals and meteorological features. A RMSE of
7.36 cmwas achieved during testing.

(a)

(c)

(b)

FIG. 8. Illustration of the current water sensing research setup and results
[77]: (a) field experiments at the Paramatta River, Sydney, Australia, showing
the antenna array receiving downlink signals from a remote BS near 300 m
away. The antenna is about 100 m away from the river bank; (b) joint
Doppler–AoA spectrum obtained via advanced space-time processing,
revealing signal components associated with water and other scatterers;
and (c) estimatedwater level over time comparedwith ground truthmeasure-
ments, demonstrating high accuracy with sensing resolution on the order of
1024 m2.
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NLOS scenarios, effectively suppressing interferences poses a
significant challenge.

Multitarget Human Sensing Scenarios
Accurate extraction and tracking of multiple human targets
remain a significant challenge, particularly in low-bandwidth
communication systems where the delay resolution is inher-
ently coarse. In addition, certain random phase removal meth-
ods may distort useful signal components, further complicating
multitarget separation. Compared to the delay domain, Dopp-
ler, and AoA features can provide effective discrimination
between multiple moving targets. These two domains enable
the detection of potential targets even when delay resolution is
insufficient. By integrating Doppler, AoA, and delay informa-
tion into an EKF-based framework [29], it becomes feasible to
achieve robust multitarget tracking.

Robustness Across Diverse ISAC Deployments
ISAC systems vary significantly in terms of center frequency,
bandwidth, antenna configurations, and deployment geome-
tries, making it challenging to generalize models across differ-
ent setups. Models trained under one configuration often fail to
perform well when applied to other domains due to hardware-
dependent discrepancies and spatial-temporal mismatches. To
address this, a unified 3-D feature representation based on
Doppler–Delay–AoA signatures can be employed. This repre-
sentation abstracts away hardware-specific variations and cap-
tures motion-induced changes in a format that is more universal
and transferable. Such abstraction enables shared model train-
ing, domain adaptation, and large-scale data augmentation,
thereby facilitating the development of more robust ISAC sens-
ing models across diverse system setups.

Antenna and Platform Variability
Directional and embedded ISAC systems (e.g., on UAVs,
vehicles, and wearables) require reconfigurable antennas. Rainfall
sensing via CMLs has shown that tilt, antenna tilt and wetting, and
material absorption introduce systematic bias [79], [80]. Similarly,
for soil moisture, antenna–ground coupling is highly dependent
on soil type and depth, if the antennas are close to the ground
[81]. Future designs should prioritize beam agility, polarimet-
ric calibration, and orientation-agnostic response, potentially
leveraging metamaterial and self-sensing antenna technologies.
Emerging solutions such as generalized joint coupler antennas
[82], [83], [84] offer greater configurability than traditional mul-
tibeam architectures, supporting sensing and communication
needs dynamically. Leaky-wave antennas [85], [86] further
offer promising frequency-dependent beam steering capabili-
ties, reducing the need for multiple RF chains and simplifying
hardware complexity in multiband ISAC deployments.
In addition, low-cost, lightweight, and energy-efficient

antenna technologies will be essential for enabling scal-
able and sustainable ISAC deployments, particularly in mobile
and resource-constrained platforms. Innovations such as printed
antennas, textile-based antennas, and origami-inspired foldable
arrays offer promising paths toward compact, conformal, and

low-power solutions. Likewise, green antenna technologies,
including recyclable materials, passive and self-powered designs,
and energy-harvesting capabilities, align with broader goals
of environmental sustainability and reduced lifecycle carbon
footprint.

Task-Aligned Feature Engineering and
Multimodal Fusion
Effective environmental sensing requires extracting domain-
relevant features—such as amplitude attenuation for rainfall,
phase delay for soil moisture, and backscatter variations for
water levels—often buried within infrastructure-specific CSI
and RSSI logs. To generalize across settings, interpretable met-
rics such as Doppler variance, path coherence, and delay
spread entropy must be derived. Physics-informed learning
models, such as I-RNNs with A–R constraints [66], help
bridge raw signal features and environmental parameters more
robustly than black-box approaches. In parallel, multimodal
fusion, leveraging cellular signals, weather radar, GNSS-R,
satellite IR, and IoT sensors, can enhance spatial resolution
and robustness. Studies have shown that combining radar with
commercial microwave links and satellite data significantly
improves rainfall estimation accuracy [87], [88]. However,
the fusion of asynchronous and resolution-mismatched data
remains a challenge. Recent advances in graph neural networks,
attention-based transformers, and cross-domain latent embed-
dings offer promising pathways, particularly under semisuper-
vised and weakly labeled conditions [89].

Data Scarcity and Generalization
Environmental ISAC systems also face two key challenges:
data scarcity and limited generalizability. In rural and under-
instrumented regions, labeled data is often lacking, while even
in urban settings, variations in weather, soil, and infrastructure
demand region-specific model adaptation [90], [91]. To address
this, approaches such as synthetic data generation via ray-
tracing and rainfall emulators, perturbation of measured signals,
and unsupervised domain adaptation are being explored. Feder-
ated learning further enables collaborative, privacy-preserving
model training across distributed nodes [89]. Complementarily,
recent advances in wireless knowledge representation suggest
that LLMs can transform signal-derived features into high-level
semantic insights, such as flood warnings, irrigation needs, and
infrastructure risks [92]. This vision of hierarchical signal inter-
pretation requires bridging low-level quantitative measurements
with symbolic reasoning, a challenge that early work in vision–
language and hybrid embeddings is beginning to tackle.
Addressing these challenges is critical to moving ISAC from
isolated proofs-of-concept to scalable, intelligent systems for
pervasive environmental awareness in 6G and beyond.
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