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Figure 1: We show that smartphone cellular RF front ends can serve as versatile sensors, enabling a wide range of applications
such as grip pose sensing, worn placement detection, passive-yet-interactive cases, plug-and-play accessory experiences, and
surface recognition. Although these capabilities have previously been explored in the HCI literature, often using specialized
hardware, we demonstrate that they can be realized using capabilities already present in ubiquitous smartphones.

Abstract
Modern smartphones contain sophisticated cellular modems that
can tune their antennas. We show how this latent internal capabil-
ity, intended to minimize power consumption while maximizing
antenna performance, can be co-opted as a sensing capability in
already ubiquitous mobile devices. For example, we can sense elec-
tromagnetic loading from a user’s hand, surrounding objects, and
nearby materials, enabling diverse applications such as detecting
grip pose, worn device placement, and passive interactive widgets.
As a proof of concept, we selected five example use cases from the
HCI literature, created with different and specialized sensors, and
re-implemented them with a commercial off-the-shelf smartphone.
We use these to evaluate sensing performance, comparing to prior
work, and the results underscore the promise and generalizability
of smartphone RF hardware as a future sensing modality.
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1 Introduction
Modern mobile devices, most notably smartphones (but also some
smartwatches, tablets, and laptops), contain sophisticated radio fre-
quency front-ends (RFFE) for cellular communication. These enable
reliable and power-efficient wireless connectivity, automatically
compensating for factors such as environmental loading, user inter-
action, and device orientation. Unlike early mobile radios that relied
on static antenna-matching architectures, contemporary modems
continuously monitor transmitted and reflected RF power and ac-
tively reconfigure antenna behavior using integrated impedance
and aperture tuners [43–45, 53].

This dynamic tuning capability implicitly enables sensing of
antenna behavior, including changes induced by proximate exter-
nal electromagnetic loading. By operating across multiple cellular
frequency bands, the modem can further probe antenna response
as a function of frequency. Conceptually, this process mirrors the
operation of a vector network analyzer (VNA), which characterizes
RF components by sweeping frequencies and measuring reflected
and transmitted signals, particularly antenna reflection (i.e., S11).
While smartphone RFFE subsystems are designed for communi-
cation rather than precision RF instrumentation, their ability to
programmatically observe frequency-dependent antenna perfor-
mance provides a VNA-like sensing capability already embedded
within commodity consumer devices.

Simultaneously, prior research in Human-Computer Interaction
(HCI) has demonstrated that RF measurements obtained from VNAs
can serve as a powerful sensingmodality [2, 20–22, 55, 57, 60]. These
works established that antenna impedance measurements are sen-
sitive to human hand pose [20, 22, 57, 59], face pose [21], environ-
mental interaction and nearby widgets [2, 55, 60]. However, these
approaches have relied on specialized laboratory instrumentation
and custom RF hardware, limiting their scalability and deployment.
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In this paper, we present the first demonstration that RF sens-
ing for HCI applications can be realized using the existing RFFE
hardware already embedded in mobile devices. Unlocking RF sens-
ing on widely deployed consumer devices significantly expands
the accessibility and scalability of RF-driven HCI interaction tech-
niques. This insight not only offers a pathway for prior VNA-based
interaction paradigms to move beyond laboratory prototypes, but
also introduces new opportunities for continuous, real-world, and
context-aware sensing scenarios that leverage the pervasive pres-
ence of mobile devices. By reframing communication subsystems
as sensing infrastructure, our work demonstrates how latent RF re-
configurability in commodity hardware can serve as a new avenue
for ubiquitous interactive sensing.

To demonstrate the feasibility and generality of our idea, we re-
implement five use cases previously motivated and demonstrated in
the HCI literature, using an off-the-shelf smartphone. We then use
these functional implementations to evaluate sensing performance,
which we can directly compare with prior work implementing
similar functionality. Our experiments show that commonplace
mobile hardware can achieve sensing accuracy comparable to prior
work, while operating from a standard device rather than hardware
tailored to individual use cases.

2 Related Work & Background
We now review four diverse areas of related work. First, we provide
some background on radio frequency front-ends and the compo-
nents they incorporate to monitor and tune their antennas. Next
we briefly review other HCI papers that share the long-standing
mantra of re-purposing hardware intended for one use to enable
unanticipated new uses. We then briefly cover the conceptually
related HCI subfield of Around-Device Interaction. Finally, we con-
clude with a discussion of prior work most technically related to
our own: other HCI works employing EM and RF sensing.

2.1 Radio Frequency Front Ends
Modern smartphones incorporate highly sophisticated radio fre-
quency front-end (RFFE) subsystems that enable efficient operation
across dozens of cellular, WiFi, Bluetooth, and GNSS frequency
bands. The RFFE sits between the baseband transceiver and the
antenna system and is responsible for conditioning signals for trans-
mission and reception. Core components of the RFFE typically in-
clude power amplifiers (PAs), low-noise amplifiers (LNAs), filters,
duplexers, switches, tunable matching networks, and antenna selec-
tion or diversity elements. A representative example block diagram
is offered in Figure 2. Together, these components optimize signal
integrity, spectral compliance, and power efficiency while compen-
sating for dynamic environmental factors such as user grip, device
orientation, and nearby materials. These capabilities are publicly
described by wireless modem manufacturers, including Qualcomm
[44, 45], Qorvo [43], and Skyworks [53].

Unlike earlier fixed matching architectures, contemporary RFFE
designs rely heavily on adaptive tuning networks. Smartphone an-
tennas operate in extremely constrained physical volumes and must
maintain acceptable impedance matching across wide frequency
ranges. Because the electromagnetic environment surrounding a

Figure 2: Block diagram showing the major components of
a typical cellular modem (adapted from [46]). Our software
interfaces with the power tracking features of the RFFE, pass-
ing data to machine learning to power interactive features.

handset changes continuously during use, modern devices dynami-
cally reconfigure their antenna matching and routing paths. These
reconfigurations occur at runtime under control of the baseband
modem and RFFE controller, allowing the device to maintain high
radiated efficiency and regulatory compliance.

Recent advances in RFFE silicon have introduced highly inte-
grated tunable elements that provide fine-grained control over
antenna behavior. Commercial components such as impedance
tuners, aperture tuners, and antenna diversity switches provide
programmable control over antenna matching and radiation char-
acteristics. For instance, impedance tuners, such as Qualcomm’s
QAT3550 [52], incorporate digitally controlled reactive elements
that dynamically adjust antenna matching networks. These devices
typically employ switched capacitor banks or variable reactance
structures that allow the system to optimize antenna impedance
under varying loading conditions. By modifying the matching net-
work, the tuner can maximize power transfer between the RF chain
and the antenna while minimizing reflection losses. Aperture tuners
(e.g., QAT3514 [52]) modify the effective electrical length or radi-
ating characteristics of antenna structures. Rather than adjusting
impedance directly, aperture tuning alters the antenna’s resonant
properties, effectively shifting operational frequency bands or im-
proving radiation efficiency across multi-band operation. This form
of tuning is particularly valuable in compact smartphone form
factors where a single antenna must support multiple frequency al-
locations. Antenna switches, such as the QAT3522 [52], provide dy-
namic routing between multiple antenna elements. These switches
allow the modem to select among spatially distributed antennas or
antenna types to improve link robustness and mitigate detuning
effects caused by user interaction or environmental obstruction.

RFFEs rely on internal RF power measurements to decide when
and how to retune. During transmission, directional couplers or
related detector circuits sample the forward power delivered by
the power amplifier and, in some architectures, the power reflected
back from the antenna due to impedance mismatch. These mea-
surements provide a direct indication of how efficiently RF energy
is being transferred into the antenna under current loading condi-
tions. The modem and RFFE controller use this feedback in a closed
loop to select updated tuner states, antenna paths, or matching-
network configurations that reduce reflection and improve radiated
performance. Separately, envelope-tracking circuitry dynamically
adjusts the power amplifier supply voltage to follow the instanta-
neous transmit envelope, improving transmitter efficiency while
the tuning loop optimizes the antenna interface. Together, these
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Figure 3: For each antenna, we measure performance at 3 frequencies across 5 different LTE and 5G cellular bands (B1, B3, B7,
B30, N25), spanning from 1.7 to 2.6 GHz.

feedback and control mechanisms allow modern smartphones to
adapt transmission behavior in real time as user interaction and
the surrounding environment detune the antenna system.

RFFE components are typically programmable through control
interfaces exposed within the modem and RFFE controller stack. Ac-
cess to these controls is usually restricted to device manufacturers
and platform integrators via proprietary firmware interfaces and
vendor-specific application programming interfaces (APIs). Smart-
phone reference platforms, like Qualcomm’s popular Snapdragon
series, also provide access to these subsystems. To complete this
investigation, we developed a software application that interfaces
with the cellular modem’s power monitoring subsystem.

2.2 Repurposing Hardware for Sensing
A longstanding theme in HCI and at ACM UIST is the repurposing
of commodity hardware for sensing, where existing components
in commercial off-the-shelf (COTS) devices are used to infer user
actions, body states, or environmental context in ways never in-
tended by the original hardware design. A key appeal of this ap-
proach is that it often requires only software-level reinterpretation
of existing signals, avoiding the need for custom instrumentation.
Prior work has demonstrated this across many sensing modali-
ties and use cases: device speakers and microphones have been
repurposed for interaction sensing [11, 38, 54], ECG sensors for
communication with accessories [58], PPG sensors for augmenting
touch input of non-touchscreens [72], device vibration motors and
IMUs have enabled grip-sensing [9], IMUs have also been used
to detect tool use [30] and vibration-based communication [69],
magnetometers have supported around-device input [14, 40], capac-
itive touchscreens have been repurposed for authentication [10, 16]
and multi-device interaction [67], and WiFi radios have been used
for human and physiological sensing [1, 42]. Our work follows
this tradition by repurposing cellular antenna impedance tuning, a
mechanism originally designed for improving communication, as a
modality for near-device interaction.

2.3 Around-Device Interaction
Around-device interaction (ADI) has been widely explored as a way
to extend interaction beyond the limited input space available on
mobile and wearable devices. Prior work extends this via sensing
hand grip/gesture [5, 9, 31, 74, 77, 78, 81], adding additional widgets
(e.g., button, slider, toy arm, pen) [18, 19, 28, 56, 75], or augmenting
applications considering worn/off-body locations [9, 13, 62, 73].
These uses have been achieved via a broad range of sensing modal-
ities, including proximity-based sensing [3, 27, 29], magnetic track-
ing [14, 18, 19, 75], camera-based approaches [5, 74, 77], and both
active and passive acoustic sensing [12, 28, 38, 49, 56, 68]. Our work
builds on this line of research with a new means of sensing.

2.4 EM & RF Sensing in HCI
Electromagnetic (EM) and radio frequency (RF) sensing are closely
related to our approach and have been explored in HCI as alter-
natives to conventional touch- and vision-based sensing. These
techniques enable the sensing of interaction while mitigating occlu-
sion, fitting within compact form factors, and enabling novel forms
of input. Prior work has investigated capacitive sensing through
both direct touch [80, 81] and near-field sensing [15, 31] to aug-
ment mobile device touch input. Because EM signals are also highly
sensitive to the human body, researchers have further explored
both on-body and through-body sensing for interaction, tracking,
and user identification [25, 26, 48, 79, 82, 83]. Researchers have
also explored radar-based sensing for interaction, including mate-
rial classification, worn-location detection for context sensing, and
gesture recognition [36, 61, 73].

More closely related to our work, several systems have used reso-
nance and impedance properties themselves as an interaction prim-
itive. Early work explored resonant tuning and swept-frequency
techniques to sense touch and object interaction through changes
in electrical resonance [39, 41, 48, 55]. Closest to our approach, a
growing body of work has used antenna or RF-channel measure-
ments, including S-parameters, as a sensing signal for interaction
and body-pose recognition [2, 20–22, 33, 57, 59, 60, 70]. These sys-
tems show that RF impedance and transmission characteristics can
encode rich information about touch, pose, and body proximity.

To the best of our knowledge, our work is the first to demon-
strate interactive RF sensing using cellular RF front ends that are
already built into commercial smartphones. Rather than relying
on custom or dedicated RF hardware, we repurpose the phone’s
existing antenna-tuning mechanism, originally designed to support
wireless communication, as a sensing modality. Further, we show
that this approach can enable a range of applications previously
explored with specialized hardware.

3 Implementation
Our implementation relies on latent smartphone hardware capabil-
ities, accessed by our software, which provides a VNA-like sensor
stream. This is then interpreted by machine learning models to
power interactive end-user functionality. We describe five example
use cases in Section 4. In this section, we now describe the major
components of our system.

3.1 RFFE as a Low-Fidelity VNA for Sensing
As already discussed, the programmability of modern RFFEs en-
ables direct interrogation of antenna performance using hardware
already embedded within smartphones. By orchestrating sweeps
across multiple frequencies (e.g., LTE bands), the RFFE can effec-
tively be used to probe antenna reflection characteristics across
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Figure 4: Left: CNC apparatus for probing the smartphone’s
RF field. We use a wide-band monopole antenna, measur-
ing 20 × 20 mm, which was incrementally translated 3 mm
above the phone screen, across a 140 × 215 mm area. Cel-
lular antenna performance was measured at each position,
producing a spatial visualization of antenna performance
(Figure 5). Right: Screenshot of our RFFE control interface.

portions of the RF spectrum. This process is conceptually analogous
to traditional vector network analyzers (VNAs), which measure
scattering parameters by injecting known RF signals and measuring
reflected and transmitted responses across a range of frequencies.
While smartphone RFFE systems cannot directly measure full com-
plex scattering matrices with laboratory-grade precision, they can
approximate frequency-dependent antenna response using internal
diagnostic measurements.

3.2 Cellular Band Selection
The smartphone we use can communicate on many LTE [64] and
5G [63] uplink bands. Bands can overlap substantially (e.g., B3 and
N25), and thus provide redundant information. We selected five
useful, non-overlapping bands to sense (B1, B3, B7, B30, and N25),
which include frequency ranges that cover 1.7 to 2.6 GHz, depicted
in Figure 3. Our RFFE allows us to probe these bands on any of the
phone’s antennas (by commanding the antenna switch), although
each of the antennas is optimized for different sets of bands.

The RFFE allows us to capture hundreds of measurements within
a single band, evenly spaced. While such fine spectral resolution
is useful in cellular systems, where devices may operate on many
narrow channels within a band, it is less critical for our uses as
electromagnetic loading from, e.g., a user’s hand is comparatively
broadband. Thus, for each of the five LTE/5G bands we use, we
measure antenna matching behavior (S11) at three frequencies:
the band’s start and end frequencies, as well as the band’s center
frequency. This means for each antenna we sample 5 bands × 3
frequencies = 15 complex values (magnitude and phase) from 1710
to 2560 MHz. Note these are not evenly distributed, as illustrated
in Figure 3.

We note that some smartphones, especially global variants, have
support for dozens of bands that could allow for more regular and
wider sampling of frequencies. For example, the global variant of the

Figure 5: Heatmap of S11 change in response to a proximate
antenna (see setup in Figure 4). It is apparent that the sensing
range is limited to the immediate volume around the device,
ideal for applications such as grip pose and surface recogni-
tion. Longer-range use cases appear infeasible at present.

Galaxy S25 Ultra (model SM-S938B) has support for 20 LTE bands
and 17 5G NR bands [8]. Also, it is entirely possible that the RFFE
hardware can measure intermediate (i.e., non-band) frequencies,
but this is not exposed to developers.

3.3 Antenna Selection
It is not uncommon for modern flagship devices to contain three
or more antennas for cellular communication, with several other
antennas supporting Bluetooth, WiFi, GPS, and other standards
[4, 7, 17]. In some cases, different antennas operate across the same
bands, but with different polarizations, and other times, different
antennas are utilized for different cellular bands. Antenna redun-
dancy is helpful to mitigate interference from specific user grips
and maximize performance across device orientations.

From public FCC filings, we can see, for example, even budget-
friendly phone models such as the Samsung Galaxy M35 5G [47]
and TCL 10 5G [65] contain three cellular antennas, arrayed around
the frame of the phone. The phone we use also has three antennas
located in the corners (top-left, TL; bottom-left, BL; top-right, TR),
as illustrated in Figure 5. These antennas support sensing across
all five cellular bands we selected in the previous subsection.

3.4 RFFE Sensing
We created a basic application (Figure 4, right) to interface with
the phone’s RFFE and stream live measurements over a socket
to a laptop, where we could conveniently visualize and record
data. Importantly, this means we could operate the phone in an
untethered fashion, avoiding confounds introduced by grounding.

For a single antenna, we capture 15 measurements (5 bands ×
3 frequencies). We repeat this process for two more antennas. Note
that each S11 measurement contains two values: magnitude and
phase. In total, a complete new frame of 90 values takes ~2.5 sec
to capture. However, we update our data every time a band is
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read (three measurements) and we run our machine learning (dis-
cussed in the next section) at this interval. We note that triggering
measurements sequentially through our current implementation
is sub-optimal; a more integrated implementation could achieve
higher frame rates. Nonetheless, we believe our present implemen-
tation is sufficient to validate the idea; better APIs would increase
frame rate, but not necessarily accuracy.

3.5 Machine Learning & Featurization
The final step of our pipeline, before passing events to end-user
applications, is the interpretation of our signals by a machine learn-
ing model. We employ three feature encoding strategies as input
to our machine learning models. First, we use the complex reflec-
tion coefficient (𝑆11) directly to capture geometric properties (e.g.,
hand shape), resulting in 2 feature channels (1 real and 1 imagi-
nary component of 𝑆11). Second, we convert 𝑆11 into impedance
representation (50 1+𝑆11

1−𝑆11 ) to measure the tissue’s physical energy
absorption and proximity capacitance, and our model takes the two
coefficients of this complex number as additional features. Lastly,
we represent 𝑆11 in polar form using magnitude (20 log10 |𝑆11|) and
phase ( 𝑖𝑚𝑎𝑔𝑒 (𝑆11)

𝑟𝑒𝑎𝑙 (𝑆11) ) to incorporate the resonance detuning and signal
delay caused by the dielectric presence. As the phase is circular, we
further encode it using sine and cosine components. This yields 3
additional feature channels (1 magnitude and 2 phase). These seven
feature channels are computed across 15 frequencies and 3 antennas
at each time instant. To capture temporal information, we stack
features over 3 consecutive timestamps, forming a spectrogram-like
representation. Depending on the use case, we use either one or
three antennas. For tasks that benefit from faster, more localized
sensing, such as widget interaction (Section 6.3), we use a single
antenna, yielding 315 features in total (7 channels × 15 frequencies
× 3 timestamps). For tasks where spatial distribution is more in-
formative, such as grip pose detection (Section 6.1), we use three

Figure 6: Grip pose detection could allow for smartphones
to automatically adjust the keyboard (A-C) or offer quick
system-wide access to the camera (D→E).

antennas, yielding 945 features (7 channels × 15 frequencies × 3
timestamps × 3 antennas).

We implement the model in Python using the scikit-learn li-
brary [50, 51] and use the Extra Trees algorithm with 100 estima-
tors. Depending on the task type, we use either classification or
regression: most tasks are modeled with an ExtraTreesClassifier,
while the slider and knob tasks use an ExtraTreesRegressor to pre-
dict continuous values. To improve stability, we apply a voting
window over 5 consecutive predictions and display the most fre-
quent predicted output. These prediction results are then used in
real time by downstream applications, such as triggering shortcuts
and interactive controls.

3.6 RF Field Characterization
To characterize the sensing range of our cellular antenna-impedance-
based approach, we conducted an experiment that probes the smart-
phone’s RF field. Our approach leverages the fact that nearby con-
ductive (or dielectric) objects change the cellular antenna impedance,
which in turn changes the antenna’s measured reflection coefficient
(S11). To examine how these changes vary over space, we prepared
a wideband meandered monopole antenna (Figure 4, close-up), po-
sitioned at controlled locations near the smartphone, and recorded
the resulting S11 changes from the smartphone. The probing an-
tenna was tuned to cellular frequencies. It has a total length of
160 mm, with resonances measured by an external vector network
analyzer at 917MHz, 1901MHz, and 2420MHz. Defining bandwidth
by the standard 3 dB criterion, the second and third resonances have
bandwidths of 330 MHz and 245 MHz, respectively, which cover
the cellular frequency bands used in our system (see Section 3.2).

The experimental apparatus is shown in Figure 4. We attached
the monopole antenna to the tip of a computer numerical control
(CNC) platform and scanned it at 5 mm intervals over a 140 ×
215 mm area surrounding the smartphone, while maintaining the
antenna at a height of 3 mm above the smartphone screen. We

Figure 7: One of two example interactive phone cases we
made (see also Figure 9). Here, a camera-enthusiast case pro-
vides mechanical controls for exposure, zoom, and shutter.
See Figure 13 for close-ups of example widget designs.
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Figure 8: A user docks their smartphone into an inexpensive, passive toy. The smartphone can sense the finger trigger and
pump-action reload, augmenting the user experience with visuals, sound effects, and vibration. See Figure 13 for close-ups of
example widget designs.

first measured the baseline S11 values with no probing antenna
nearby (i.e., probing antenna positioned 15 cm away from the smart-
phone edge). We then subtracted this reference value from the S11
measurements recorded when the probing antenna was moved to
each location of interest. For this study, we used all three antennas
(Figure 5, left) and seven bands (B1, B2, B3, B7, B30, B66, N25).

Importantly, we measured S11 changes directly on the smart-
phone rather than using external sensing hardware. The probing
monopole antenna was untethered and mounted to the CNC ma-
chine through a non-conductive acrylic fixture to minimize extra-
neous electrical coupling. The RF sensing field is visualized as a
heatmap in Figure 5. We observe that the sensing field is effective
up to approximately 1.5–2 cm around the device, making it suitable
for near-device interaction scenarios such as grip pose and surface
material recognition.

4 Example Use Cases
As a proof of concept, we created five demo applications, which
we also use as experimental probes to evaluate the efficacy of our
approach (Section 5). Of important note, all five of these use cases
have been previously demonstrated and validated in the literature.
We purposefully reproduce this prior functionality to underscore
how this sensing is possible using ubiquitous smartphones (vs. a
variety of sensing methods, many of which are specialized for the
task). This also permits us to roughly compare the accuracy between
smartphone-based RF sensing and prior sensing methods.

4.1 Grip Pose Detection
Devices that can sense the grip pose of their owners could auto-
matically launch applications, trigger functionality, or adapt their
behaviors to improve user performance. For example, the cam-
era app could launch automatically when the phone is held like a
camera (Figure 6), an idea already explored in HandSee [77]. Ad-
ditionally, the on-screen keyboard could adapt its behavior based
on whether the user is typing with, e.g., two thumbs, either the
left or right thumb, or other digits (information already shown
to be advantageous in OmniSense [74]). To explore whether such
sensing is possible with our approach, we curated a set of 8 hand
poses drawn from prior work [23, 24, 78], shown in Figure 10 (and
evaluated in Section 6.1).

4.2 Worn Placement Detection
Mobile devices that can infer where they are placed or held have
been previously explored by Wiese et al. [62], RadarCat [73], and

Botential [37]. With such knowledge, mobile devices could adapt
their behaviors intelligently. For example, if a phone is in a pocket
during an incoming call, it is effective to employ a haptic alert, but
it is ineffective to turn on the screen. Conversely, if the device is
resting on a table, turning on the screen and employing an audio
alert will be more effective (and power-efficient) than employing
haptics. As another example, a smartphone step counter could
produce better estimates with knowledge of where the device is
located on the user, as the kinematic signal changes based on device
placement. As a proof-of-concept worn location test set, we selected
held to head, in hand, in pocket (screen facing towards the body),
in pocket (screen facing out), on lap, and off body (on table), seen in
Figure 12. Note that cloth has very little mass, and so our signal is
dominated by the user’s body coupling and not articles of clothing
when in the pocket.

4.3 Interactive Passive Cases
It is also possible to create small passive mechanical "widgets" that
vary the shape or position of a small conductor, such that we can
purposely alter a cellular antenna’s response. Figure 13 provides
four commonplace binary and analog widget examples: momentary

Figure 9: One of two example interactive phone cases we
created (see also Figure 7). Here, a child’s smartphone lock
screen is brought to life with an interactive avatar. See Figure
13 for close-ups of example widget designs.
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Figure 10: Bottom: Example hand grips detectable with smartphone RF sensing. Top: magnitude spectrograms (1.7-2.6 GHz,
3 antennas) captured while a user performed each grip in sequence.

button, toggle switch, linear slider, and turn knob. These mechan-
ical widgets could be integrated into smartphone cases, offering
tangible interactive functionality in a low-cost, battery-free manner.
We created two example cases for illustration. First, we created a
camera-enthusiast case, featuring a physical shutter button, a slider
for zoom, and a turn knob for exposure (Figure 7). For a second
example, we created a case for kids: the phone’s lock screen features
an avatar that responds to manipulations of limbs that extend from
the case (Figure 9).

4.4 Plug-and-Play Accessories
Weenvision smartphones being docked into larger, low-cost, battery-
free objects. The smartphone acts as a transient, plug-and-play
"brain" with advanced interactive capabilities (graphics, sound, hap-
tics, wireless communication, etc.). As one example of this idea, we
instrumented a $10 foam dart gun toy with a phone holder and
extended its plastic mechanisms with slider widgets (see previous
section) such that the phone can sense the toy’s pump action and
finger trigger (Figure 8B). The phone provides a passthrough aug-
mented reality experience with an overlaid crosshair and ammo
counter, and generates sound effects and haptics when the user
fires a dart (Figure 8D).

4.5 Surface Recognition
Surface detection is conceptually similar to worn placement detec-
tion and has been previously explored in work such as Harrison and
Hudson [13]. We note that RadarCat [73] used radar for material
sensing, an RF method, and takes advantage of similar phenomena
to detect materials (chiefly density). A device that can sense its host

Figure 11: Smartphones with surface recognition capabilities
could automatically adjust their modes (e.g., go into silent
mode whenever placed on the user’s bedside table; A) or
trigger contextual functionality (e.g., transmit a file to the
user’s laptop if placed on top; B).

surface’s material could infer where it is placed, either on the body
or in the greater environment. For instance, a device could learn the
material of a user’s bedside table and adapt its behavior accordingly
(e.g., entering silent mode automatically based on placement rather
than time of day; see Figure 11A). Other behaviors or apps could
be triggered when placed on a user’s kitchen countertop (e.g., the
touchscreen could become more tolerant of wet fingers) or dining
room table (e.g., do not disturb mode automatically engaged). If a
smartphone is placed onto a laptop or tablet, it could trigger, e.g.,
the transfer of files (Figure 11B). As a representative material set for
evaluation, we selected a wood table, medium-density fiberboard
(MDF), faux leather sofa, fabric armchair, insulation foam, glass
shelf, quartz countertop, ceramic tile, copper foil, stainless steel
sheet, MacBook keyboard, iPad screen, and book (Figure 14).

5 Evaluation
To evaluate the efficacy and generalizability of using smartphone
RFFEs for sensing, we created a series of diverse study tasks derived
from our example use cases (Section 4). For grip detection, we
curated a set of 8 classes seen in Figure 10. For worn placement
detection, we selected five locations seen in Figure 12. For material
detection, we used the 13-class set seen in Figure 14. To represent
the types of mechanisms that could be used in interactive passive
cases and plug-and-play accessories, we selected four fundamental
widgets, representing binary and analog actions (Figure 13).

5.1 Participants & Procedure
For all of our study tasks except surface detection, the user’s proxi-
mate hand can influence the RF signal. Thus, we collected data in a

Figure 12: Bottom: Example worn placements detectable with
smartphone RF sensing, including two in-pocket subclasses:
screen facing inward and outward. Top: magnitude spectro-
grams (1.7–2.6 GHz, 3 antennas) recorded as a user performed
each placement in sequence.
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Figure 13: Bottom: Passive widget examples we created for our user study. The slider had a maximum translation of 100 mm.
The turn knob was continuous. Top: magnitude spectrograms (1.7-2.6 GHz; only antenna TR shown, which is next to the widget)
captured while a user interacted with each mechanism. For the push and toggle buttons, one action is shown. For the slider, the
user completes one full translation from bottom to top. For the turn knob, the user completes one full rotation.

Figure 14: Bottom: Example set of surface materials used in our evaluation. Top: magnitude spectrograms (1.7-2.6 GHz, 3
antennas) captured while a user placed the phone down onto each material in sequence.

user study format to capture realistic influence from a proximate
user. We recruited 12 participants (mean age 26.8 years, SD=2.8;
6 male, 5 female, and 1 non-binary) for this study, which lasted
approximately 30 minutes and paid $10 USD in compensation.

Grip Pose & Worn Placement Detection. Our grip detection
and worn placement detection study tasks followed the same over-
all procedure. Participants were first familiarized with each study
task’s class set (Figures 10 and 12). After this, they were not cor-
rected or constrained in how they performed the requested class,
introducing natural variation. Participants were verbally instructed
to switch to different classes, one at a time, in a random order, dur-
ing which time 20 frames of data were collected with a ground truth
label. One round of data consisted of each class appearing once, and
each study task collected five rounds of data. Thus, for our grip de-
tection study task, this meant that we captured 8 classes × 5 rounds
× 20 frames of data × 12 participants = 9600 total grip data frames.
Likewise, for worn placement detection, we collected 7200 total
frames. Participants were told to wear clothes with pockets, but
no other constraints were given; participants arrived with a mix of
clothing fabrics. For the in-pocket class as part of worn placement
detection, we collected equal trials of the screen facing towards
the body and the screen facing outwards, combining the data into
a single class. Participants were generally stationary during the
experiments, though we did not explicitly constrain them.

Widget Interaction (push & toggle buttons). To evaluate our
widget mechanisms, we fabricated each passive widget using a
small antenna and a wooden structure positioned near the top right
cellular antenna (ANT TR) region. For the push button (Figure 13,
left), we laser-cut a spring-like structure and wrapped copper tape
around its side. For the toggle button (Figure 13, center), we inserted
a small copper-wrapped block that mechanically moved to block or

unblock the antenna region. For the push button, we recorded 20
frames of data with the button released and 20 frames of data with
the button continuously pressed by the user. For the toggle switch,
we had the user toggle it one way, followed by capture of 20 frames
of data, and then toggle it the other way, followed by capture of 20
frames of data. The latter sequence is considered one round of data
for our two binary widgets, and participants completed 5 rounds.
Per widget, we collected 2400 frames (2 classes × 5 rounds × 20
frames of data × 12 participants).

Widget Interaction (slider & turn knob). For the linear slider,
we fabricated a movable meander antenna with an overall length of
60mm (Figure 13, slider). For the turn knob, wewrapped a triangular
copper patch around a cylindrical knob with a diameter of 18 mm
(Figure 13, right). As both are analog widgets, we utilize a small
printed ArUco marker and overhead webcam to record the ground
truth value in real time, which we pair with live sensor data. ArUco
marker accuracy is approximately 1 mm and 1° [32]. One round
of data was captured per participant, where they incrementally
(~4 mm) translated the slider position until it reached 100 mm.
Likewise, for the turn knob, the user incrementally rotated (~15°)
the knob clockwise to complete a rotation. In total, we collected
6120 frames of slider movement and 4520 frames of knob movement.

Surface Recognition. To evaluate surface recognition, we did
not recruit participants; instead, one of the authors placed the device
on each surface and withdrew their hand. During data collection,
the surface label for the current trial was presented in randomized
order within the surface group, and this process was repeated for
10 rounds. The device placement and orientation on each surface
were varied so that each trial represented a unique configuration.
We collected 20 frames of data for each surface trial, which yielded
2600 frames (13 surfaces × 10 rounds × 20 frames) for evaluation.
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5.2 Train-Test Procedure
We evaluate model performance using three validation schemes.
First, we use leave-one-round-out cross-validation, where data from
one recording round from a single participant is held out for testing,
and all other remaining rounds are used for training. This results
in 10 folds for the surface recognition task and 60 folds for all
other study tasks. Second, we also use leave-one-participant-out
cross-validation, where all data from one participant is held out
for testing, and the model is trained on data from the remaining
eleven participants, resulting in 12 folds. Third, we use a 60:40 data
split scheme, i.e., 60% of the data for training and the remaining
40% of the data for testing, while within-session data are not mixed
between train and test. For reporting accuracy and error, we average
the results across all cross-validation folds.

6 Results & Discussion
Figure 15 summarizes our main results. Overall, co-opting mobile
cellular antennas enables a diverse range of applications with above
90% accuracy on tasks that previously required specialized sensing.

6.1 Grip Pose Detection
With our leave-one-round-out train-test procedure, we found a
mean grip pose detection accuracy of 91.3% (SD=9.9). The confusion
matrix is shown in Figure 16. Note that the previous model contains
some training data from the participant being tested, though it
never mixes data within sessions. A more conservative estimate of
accuracy is a leave-one-participant-out test scheme, where no data
from the user being tested is in the training set (simulating a general
model, without user calibration). With this train-test setup, we find
an accuracy of 81.1% (SD=12.2). Under a 60:40 data split scheme,
the performance shows 91.6% detection accuracy. We observed
individual differences in how participants grasped the phone. For
example, regarding the held-to-ear pose, some participants touched
their skin to the screen, whereas others held it away from their
head. This may explain the confusion between held-to-ear and held-
hand poses. In addition, our system does not include an antenna at
the bottom-right of the device, reducing spatial resolution in that
region. This is likely why there was confusion between two-hand
typing and held-left-hand.

Our results are competitive with prior smartphone grip-sensing
work. For example, SmartGrip [24] was able to demonstrate 93.1%
accuracy with a six-class grip pose set using smartphone-emitted

Figure 15: Accuracy summary for our five classification and
two regression study results.

Figure 16: Grip pose detection confusion matrix.

ultrasound. GripSense [9] classifies three in-hand postures with an
accuracy of 84.3% using built-in sensors, including accelerometer,
gyroscope, and touchscreen. ReflecTouch [78] uses a front-facing
camera to image the screen reflection in the cornea, showing 85%
for the six-posture classification task. Kim et al. [23] use an external
capacitive sensor array under the phone’s exterior cover and show
91.8% of the best cross-validation accuracy over eight grip patterns.
Overall, our results demonstrate comparable performance while
supporting a larger set of grip classes using sensors already available
in modern mobile devices.

6.2 Worn Placement Detection
Detection accuracy is 96.6% (SD=8.8) in leave-one-round-out, 93.4%
(SD=11.4) in leave-one-participant-out, and 96.0% in 60:40 train-to-
test split schemes. The confusion matrix for each class is shown
in Figure 17. As noted earlier in the grip pose detection results,
we observed individual differences in how users held the device to
their ear, with some holding it close to the head and others farther
away. This likely explains the misclassification between held to ear
and held in hand, as a phone held farther from the head can appear
similar to a regular hand-held pose.

Figure 17: Worn-placement detection Confusion matrix.
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Figure 18: Scatter plots of predicted vs. ground truth values
for slider position and turn knob angle. See also Figure 13.

For comparison, Yang et al. [71] classify three phone placements
(in-pocket, in-bag, neither) using proximity and light sensors, and
achieved an accuracy of 98%. Phoneprioception [62] shows 75.4%
accuracy on four classes, including the classes mentioned in [71]
plus the in-hand class. GripSense [9] reported 99.7% accuracy for a
binary in-hand vs. flat-surface classification using a phone’s vibra-
tion motor and IMU. Compared with these prior works, our method
shows similarly high performance across a larger range of classes.

6.3 Widget Interaction
The binary push and toggle buttons achieved classification accu-
racies of 98.3% (SD=8.0) and 100.0% (SD=0), respectively. For the
analog widgets, the slider yielded a mean prediction error of 3.8 mm
(SD=1.9), while the turn knob yielded a mean angular error of 6.3°
(SD=1.8). Figure 18 plots the predicted values against the ground-
truth values for all test samples, where the diagonal line indicates
perfect agreement and deviations from this line represent predic-
tion error. The corresponding coefficients of determination (𝑅2) are
0.91 for the slider and 0.99 for the turn knob.

Many prior systems have explored near-smartphone widgets us-
ingmodalities such as acoustics [28, 49, 56, 66], magnetics [18, 34, 35,
76], and other embedded sensing approaches. Many of these works
evaluate the system primarily through implementation and demon-
strations rather than directly comparable accuracy or physical-error
metrics. Among the closest comparisons, Acoustruments [28] re-
ported 99.5% button recognition accuracy (SD=0.07) and a mean
knob error of 7.8° (SD=6.0). Lamello [49] achieves 93% precision for
the discrete four-tine slider. TRing [76] demonstrates 4.96 mm of
2D tracking error for a finger-worn magnet near the magnetometer.
Relative to this set of prior work, our widgets achieve comparable
performance and fine-grained analog inputs.

6.4 Surface Recognition
Across 13 surface materials, the detection accuracy was 92.9% (SD =
5.5) in the leave-one-round-out scheme and 99.9% in the 60:40 train-
to-test split scheme. The confusion matrix is shown in Figure 19.
Most misclassifications occurred among the wood table, medium-
density fiberboard (MDF), and book classes, likely because these
materials share similar structural properties despite differences in

Figure 19: Surface recognition confusion matrix.

density, though our RF-based approach still achieved accuracies of
at least 74% for these classes. We also observed confusion between
the fabric armchair and insulation foam classes, which is explained
by their similar composition.

In comparison to prior work, SurfaceSense [6] reported 91.75%
recognition accuracy over 13 different surfaces using a two-tier
placement-aware approach using multiple built-in sensors, includ-
ing accelerometer, gyroscope, magnetometer, microphone, and prox-
imity sensor. RadarCat [73] reported 98.67% accuracy (SD=0.9) over
26 surfaces and objects using a 60 GHz radar sensor.While RadarCat
achieves higher accuracy, it relies on specialized high-frequency
radar hardware, which likely provides greater material sensitivity
than our cellular-band sensing approach. In contrast, our method
achieves comparable performance using only the cellular antenna
already built into a commercial smartphone.

6.5 Automatic Model-Switching
While the previous sections describe task-specific models, a practi-
cal deployment of our system would require a pipeline to automat-
ically activate the appropriate model based on the user’s current
context. To achieve this, we trained a mode-switching model that
classifies the device state into three primary contexts: in-hand, on-
body, or off-body. Using aggregated data from our Grip Pose, Worn
Placement, and Surface Recognition studies, this three-class clas-
sifier achieved 99.7% accuracy with a 60:40 train-test split (11,980
training : 8,060 testing samples). Additionally, explicit user actions
(e.g., launching an AR toy app in Figure 8) can directly activate
application-specific models.

7 Limitations & Future Work
A limitation precluding some use cases is sensing range. Our field
characterization shows that the effect is largely confined to the
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immediate volume around the phone, with useful sensitivity ex-
tending only roughly 2 cm from the device. This makes the approach
well suited to near-device interactions (e.g., grip sensing, passive
widgets, surface recognition), but it also means that longer-range
interaction scenarios appear infeasible with the present hardware
and frequency range. Future work could investigate whether other
antennas already present in mobile devices, alternative bands, or
fused multimodal sensing could extend the practical interaction
volume beyond the handset’s immediate vicinity.

Next, our sensing framerate is constrained by hardware origi-
nally designed for communication rather than measurement. Al-
though the RFFE allows us to sample densely within each cellular
band, we only measure three points to maintain interactive perfor-
mance (0.4 FPS when capturing a full frame of data). However, this
is sufficient for proof-of-concept demonstrations involving rela-
tively stable states, such as held pose, worn placement, and surface
recognition. That said, we believe this bottleneck to be largely a
function of our current measurement sequencing approach rather
than a fundamental limitation of the underlying hardware.

Our system may incur additional energy consumption due to
increased polling of RFFE data and, in some configurations, more
frequent antenna tuning or measurements across multiple cellular
bands. However, these operations leverage hardware and feedback
mechanisms that are already optimized for power efficiency. We
therefore expect the incremental energy overhead to be modest,
although a comprehensive characterization of power consumption
across devices and usage patterns remains an important direction
for future work.

Our current implementation temporarily assumes control of
the RFFE, preventing concurrent use of the cellular radio for com-
munication. This reflects a limitation of our prototype, not of the
underlying hardware. Because modern modems already coordinate
antenna tuning, power tracking, and band selection as part of nor-
mal operation, future commercial implementations could integrate
RF sensing directly into these existing control loops. Such integra-
tion may allow communication and sensing to coexist, for example
by scheduling sensing measurements during normal radio opera-
tion or opportunistically utilizing measurements already collected
by the modem.

Overall, we believe our underlying sensing approach is broadly
applicable to modern mobile platforms. Dynamic antenna tuning,
power monitoring, and adaptive impedance matching are funda-
mental capabilities required to support contemporary 4G LTE and
5G radios operating across numerous frequency bands within the
constrained form factors of smartphones. While the specific APIs
and implementation details may differ among vendors, the under-
lying hardware mechanisms that enable our approach are likely
common to most modern smartphones and, increasingly, other
cellular-enabled devices such as smartwatches and tablets.

Overall, while our results show that smartphone RFFE sensing
is promising and can be generalized to several existing HCI use
cases, they should be interpreted as an existence proof rather than
a complete characterization of the method. Future work is needed
to study cross-device generalization, impact of protective cases,
robustness across environments and users, long-term stability, and
how RF sensing can be combined with other on-device sensors to
support richer and more reliable interactive systems.

8 Conclusion
The main finding of our work is that modern smartphones contain
latent RF measurement capabilities that, when accessed through
the cellular modem subsystem, function as embedded and software-
defined RF sensing instruments. This perspective transforms com-
munication subsystems into opportunistic sensing platforms, en-
abling new avenues of human–device interaction that leverage
electromagnetic coupling as an input modality.
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