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Abstract Advancements in information technology have increased demand for natural human-computer interaction in areas such
as gaming, smart homes, and vehicles. However, conventional approaches like physical buttons or cameras are often limited by
contact requirements, privacy concerns, and high costs. Motivated by the observation that these EM signals are not only strong
and measurable but also rich in gesture-related information, we propose EMGesture, a novel contactless interaction technique that
leverages the electromagnetic (EM) signals from Qi wireless chargers for gesture recognition. EMGesture analyzes the distinctive
EM features and employs a robust classification model. The end-to-end framework enables it capable of accurately interpreting user
intent. Experiments involving 30 participants, 10 mobile devices, and 5 chargers showed that EMGesture achieves over 97% recognition
accuracy. Corresponding user studies also confirmed higher usability and convenience, which demonstrating that EMGesture is a

practical, privacy-conscious, and cost-effective solution for pervasive interaction.
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1 Introduction

With the rapid advancement of information technology, the demand for human-machine interaction products has been
steadily increasing, driving continuous growth in the global HMI market. According to reports from People’s Daily,
consumers increasingly prefer products that feature natural and intelligent interaction, making the convenience and
intelligence of interaction an important consideration in purchasing decisions [31]. Market forecasts further validate
this trend. According to Statista, the global human-machine interface market is projected to reach USD 7.24 billion by
2026, nearly double its size in 2020, with a compound annual growth rate (CAGR) exceeding 10% [39]. Meanwhile, the
broader human-machine interaction industry is expected to grow to USD 934.84 billion, with a CAGR of 18.5% [4].
Despite this momentum, current interaction modalities remain limited. Broadly, they can be categorized into contact-

based and contactless approaches. Contact-based interaction is the mainstream form, including: (1) Touchscreen
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interaction, known for its accuracy and user familiarity, but limited in humid or oily environments [6], with relatively
high costs and technical complexity [18]. (2) Keyboard and mouse interaction, which provides efficiency but requires
external devices. (3) Button-based interaction, which is simple but restricted in functionality [33]. In contrast, contactless
methods include: (1) Voice interaction, which supports a limited number of devices and struggles with complex
command comprehension, while also raising concerns about voice-privacy leakage [5]. (2) Wi-Fi-signal-based interaction,
which remains hindered by low accuracy [17]. (3) Camera-based interaction, which consumes high power [37], lacks
universality, and poses privacy risks due to its reliance on image data access [3].

These limitations become particularly evident in diverse application scenarios. For instance, in driving environments,
contact-based operations may distract drivers and increase risks. According to the U.S. National Highway Traffic Safety
Administration, distracted driving led to 3,275 fatalities in 2023, averaging nearly nine deaths per day [2]. In kitchen
environments, touchscreen devices often fail due to water or grease on the hands [35]. In smart home scenarios such as
remote appliance control, users still rely heavily on physical remotes, whereas more intelligent interaction modes are
anticipated [1]. Likewise, contactless methods remain insufficient: most voice interaction systems only support simple
one-turn commands and fail to align with long-term user habits.

To address these challenges, this paper proposes a novel contactless gesture interaction method that leverages the
electromagnetic (EM) signals emitted during wireless charging. Our experiments reveal that, based on the negative
feedback mechanism of wireless chargers [46], such chargers emit strong, frequency-modulatable, measurable, and
stable EM signals that can be captured by antennas (details are provided in Section 7.6). When a user performs a gesture,
the collected EM signals exhibit distinctive variations. Building on this observation, we introduce EMGesture, a system
that exploits wireless charging EM signals to achieve gesture recognition. Specifically, we decouple the EM radiation
characteristics of Qi-standard chargers and establish a dynamic mapping model between gesture-induced disturbances
and EM responses. EMGesture uses antennas to collect signals, which are amplified by universal signal amplifiers and
then input into the HackRF software-defined radio platform for data collection. Environmental EM noise is mitigated
using spectral subtraction combined with Variational Mode Decomposition (VMD), resulting in clean training samples.
Finally, a Random Forest classifier is trained, achieving 97.59% accuracy in recognizing nine basic gestures across 30
participants, 10 device models, and 5 charger models. Compared to existing interaction methods, our approach offers
significant advantages, including reduced spatial constraints, broad applicability, enhanced privacy protection, low cost,
low power consumption, and alignment with user habits. Furthermore, extensive comparative and ablation studies
confirm its robustness across diverse users, devices, and environments.

The main contributions of this work are summarized as follows:

e We propose EMGesture for the first time, which is a novel contactless interaction technique that leverages the
electromagnetic (EM) signals inherently emitted from Qi-standard wireless chargers for gesture recognition,
enabling mid-air interaction without requiring any hardware modifications to smartphones.

e We develop a comprehensive gesture feature extraction and processing pipeline, which includes receiving and
amplifying gesture signals, employing a short-window FFT to generate an average power spectrum over time as
a stable gesture feature, and effectively reducing environmental EM noise using Variational Mode Decomposition
(VMD).

e We design a robust gesture classifier capable of accurately distinguishing between eight fundamental gestures

and the idle (charging-only) state, achieving a high recognition accuracy of 97.59% for nine categories.
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e We demonstrate the practicality and effectiveness of our system through large-scale experiments involving 30
participants, 10 different device models, and 5 charger models, achieving an overall recognition accuracy of over

88%. Corresponding user studies further confirmed the system’s high usability and convenience.

2 Related Work

Electromagnetic Signals Based Intelligent Sensing. Recently, many schemes for using electromagnetic signals for
interaction have been proposed. Magstroke [7] uses a mobile device’s magnetometer to sense the motion trajectory of a
magnet worn on the user’s hand, proposing a virtual keyboard based on magnetic field perception. MAGNECOMM+ [44]
also uses a device’s magnetic sensor, but to receive EM signals generated by a computing device to enable data
communication. CamRadar [26] detects the presence of cameras by sensing electromagnetic radiation leaked from their
components, proposing a novel hidden camera detection system. Zhang et al. [48] achieve unique device identification
by analyzing hardware-level fingerprints within their radiated EM emissions. Compared with prior work that directly
exploits EM signals emitted by specific devices, we observe that wireless chargers are far more ubiquitous in everyday
environments and naturally emit stronger EM fields. However, no existing research has investigated using the EM
signals radiated from wireless chargers for gesture interaction. Moreover, our observations reveal that due to the
negative feedback mechanism inherent in wireless charging, it is possible to artificially generate controllable and stable
EM signals (details are provided in Section 7.6), which greatly benefits feature extraction.

Gesture Recognition. A significant body of prior work has investigated gesture sensing through on-body and
off-body modalities. For example, GestureTrack [20] enabled gesture recognition for blind users by relying solely on
smartwatch gyroscopes. Other systems have leveraged acoustic signals: MAF [45] employed surface and leakage acoustic
waves from bone-conduction headphones, while SpeakerGesture [22] used chirp-based acoustic sensing to achieve
room-scale gesture recognition. Specialized radio-frequency (RF) hardware has also been explored. GesturePrint [43]
combined millimeter waves (mmWave) with user identity binding, while RadarNet [15] and Rodar [19] achieved gesture
recognition using micro-radar and mmWave sensors. To reduce hardware dependency, commodity Wi-Fi has been
widely adopted. WiGesture [13] introduced cross-location gesture recognition with position-independent features, and
subsequent systems such as WiGesID [49] and UniFi [25] exploited Wi-Fi Channel State Information (CSI) to jointly
model gestures and user identity, while also adapting sensing across new environments. Despite these advances, each
approach exhibits trade-offs. Wearable and some acoustic systems are not truly contactless, requiring dedicated devices
such as watches or headphones. Specialized RF systems deliver high accuracy but depend on costly and non-ubiquitous
hardware. Commodity Wi-Fi solutions improve deployment feasibility but often suffer from instability and limited
resolution. Our work addresses these gaps: unlike wearable approaches, our method is completely device-free; unlike
radar-based solutions, it repurposes an already ubiquitous, low-cost device available in homes, offices, and vehicles—the
wireless charger. Furthermore, our classifier (Random Forest) is computationally lightweight, avoiding the overhead of
deep learning, while inherently preserving privacy by capturing no audio or visual data.

Wireless Chargers Related Research. The Qi standard, introduced by Wageningen et al. [42], established the
fundamental communication protocols for wireless charging. Subsequent research has extended wireless charging
into new domains such as automotive applications; for example, Mohamed et al. [28] proposed in-vehicle wireless
charging solutions. It also provides ideas for the final use scenario of EMGesture to expand from mobile device wireless
chargers to other wireless chargers. Beyond power transfer, researchers have begun to harvest information from the
EM fields generated during charging. Zhan et al. [47] demonstrated a security attack by injecting inaudible voice

commands through magnetic field interference. MagID [23] employed a magnetic sensor array to authenticate device
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identity during charging, while Ni et al. [30] leveraged coil ringing and field disturbances to infer user interaction with
smartphones. These studies confirm that wireless charging fields contain rich, harvestable data. However, existing
work has focused primarily on adversarial security applications [47], device authentication [23], or device-centric
sensing [30]. To our knowledge, no prior work has systematically decoupled the ambient EM field perturbations from
standard Qi chargers to model and classify a vocabulary of contactless, mid-air gestures. This paper demonstrates that

the wireless charger itself can be a robust and practical gesture sensor.

3  Preliminary Study

Our preliminary experiments are designed to answer two fundamental questions: i) Does a wireless charger generate
strong electromagnetic (EM) signals while charging a device? ii) Do different user gestures induce measurable perturba-
tions in these EM signals? The answers to these questions are crucial for validating the feasibility of gesture interaction
based on wireless charging EM emissions.

i) Does a wireless charger generate strong EM signals during charging? We collected EM signals from
a smartphone under two conditions: (1) actively charging via a wireless charger, and (2) idle (not charging). The
corresponding frequency-domain representations are shown in Fig. 1a and Fig. 1b. By comparing the two cases, we
observe that strong and stable EM signals appear across multiple narrow frequency bands only when the device is
actively charging. The frequency band with obvious signal is framed in red. These signal frequency bands have obvious

gesture characteristics, making them promising candidates for feature extraction in gesture recognition tasks.
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Fig. 1. Electromagnetic signals under different wireless charger states and different gestures

ii) Do different user gestures affect EM signal characteristics? To investigate this, we recruited a volunteer
to perform several distinct hand gestures over an active wireless charger, while recording the resulting EM signals.
Representative results are shown in Fig. 1c and Fig. 1d for the hand-spreading and number 1 gestures, respectively.
We observe that each gesture introduces unique perturbations into the EM signals. In particular, the intensity of
signals across multiple frequency bands attenuates to varying degrees depending on the specific gesture. These distinct,

gesture-dependent perturbations confirm the potential to classify and recognize different gestures based on wireless

charging EM signals.

4 Framework

The overall architecture of our system is shown in Fig. 2. It consists of five primary components: user interaction, signal
collection, signal preprocessing, denoising, and model training.
Manuscript submitted to ACM
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Fig. 2. EMGesture overall framework diagram

User Interaction & Signal Collection. In the user interaction module, a wireless charger with a mobile phone
being charged emits strong electromagnetic signals (including signals during Qi protocol communication, charging
field, and power supply signals), which are perturbed by the user’s hand gestures. In the signal collection module, an
antenna captures these nearby electromagnetic field signals (containing both the gesture-perturbed signal and ambient
noise). The antenna converts the EM field into a voltage signal, which is then amplified. The signal is processed by the
HackRF software-defined radio (SDR) platform [32], which saves the raw signal data for the preprocessing module.

Signal Preprocessing & Denoising. In the preprocessing module, the i and j components of the raw signal are
extracted to reconstruct the complex signal. Each segment (corresponding to one gesture sample) is then divided into
multiple non-overlapping short windows. An FFT is applied to each window, and the resulting spectra are accumulated
and averaged to produce a stable Average Power Spectrum for that segment. This process is carried out for both
gesture-perturbed signals and independently recorded ambient noise. To reduce noise interference, we apply spectral
subtraction: the averaged noise spectrum is subtracted from the averaged gesture spectrum, yielding a clean spectral
representation that retains only gesture-relevant features.

Model Training & Classification. Finally, this clean spectral data is divided into training and validation sets. These
feature sets are fed into a random forest model to be trained and to classify different gestures, completing the system

design. The specific details of each module will be discussed in the following sections.

5 Method

5.1 User Interaction

Our experimental setup consists of a standard Qi wireless charger placed on a tabletop, with a smartphone actively
charging on it. A sensing antenna is positioned approximately 25 cm directly above the phone. Users perform hand

gestures in the mid-air space between the charger and the antenna. These gestures perturb the otherwise stable
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electromagnetic (EM) field generated by the wireless charger. Since different gestures introduce distinct disturbances,

they result in measurable and characteristic variations in the EM signals captured by the antenna [27].

5.2 Signal Collection

The signal collection pipeline begins with the antenna, which converts the perturbed EM field into an analog voltage
signal. This signal is immediately passed through a general-purpose amplifier to boost its strength. The amplified signal
is then fed into the HackRF software-defined radio (SDR) platform, which is connected via USB to a computer running
SDRSharp software. The SDRSharp software will sample and digitize the signal and store the raw data as . wav files for
signal preprocessing stage. It is worth noting that at this stage, in addition to collecting the electromagnetic signals of

each gesture, environmental noise signals must also be collected for denoising stage.

5.3 Signal Preprocessing

Signal preprocessing consists of two steps: complex signal reconstruction and feature extraction. The flowchart of this
stage is shown in Fig. 3

Complex Signal Reconstruction. We first read the . wav files to obtain the in-phase i and quadrature j components,
along with the sampling rate. These components are then combined to reconstruct the complex signal.

Feature Extraction. Our features are derived from the frequency domain using the Fast Fourier Transform (FFT).
The FFT is an efficient algorithm for computing the Discrete Fourier Transform (DFT) [14], reducing computational
complexity from O(N?) to O(N log N) via a divide-and-conquer strategy [40]. For a discrete time-domain sequence
x[n] of length N, the DFT is defined as:

N-1

X[k = Y x[n] e /R, k=01, N-1 1)
=
with the corresponding frequency components given by:
k- Fs
= 2
fo= = @

where Fs denotes the sampling rate, which must satisfy the Nyquist-Shannon sampling theorem [34] (Fs > 2fnax,
Where fiay is the maximum frequency of the signal to be collected) to avoid aliasing.
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In terms of calculation, the expression of the discrete Fourier transform is:

N-1
X[kl = ) x[n] - Wg", Wy =e N (3)

n=0

FFT uses the divide-and-conquer method to decompose the DFT into recursive calculations of odd and even subsequences:

X1 N/2-1
2

X[k] = Z x[2m] - W, + W Z x[2m + 1] - Wi, o
m=0 m=0

By recursively decomposing and rotating the periodicity of the factors, repeated computations can be reduced.
The signal after FFT can also be returned to the time domain through the inverse transform:

jerkn

x[n] = X[k]-e N (5)

k=

o

Applying FFT converts the collected complex time-domain signal into the frequency domain, exposing both the
amplitude and phase information of each frequency component.

We evaluated three potential approaches for feature extraction:

1. Raw Time-Domain Data. One straightforward option is to use the reconstructed complex signal directly. While
this representation captures instantaneous magnitude and phase information, it fails to reveal the distribution of signal
power across frequencies and is highly sensitive to environmental noise.

2. Single Full-Signal FFT. A second option is to apply a single FFT to the entire signal segment. This method
is computationally efficient and provides the finest frequency resolution. However, it is highly vulnerable to non-
stationarity and spectral leakage. Because long-duration signals are seldom perfectly stationary, any transient pulse or
external EM interference occurring mid-segment can introduce spurious high-frequency artifacts, thereby corrupting
the spectrum.

3. Averaged Short-Window FFT. The third method, which we adopt, applies an averaged short-window FFT
with a two-level segmentation strategy. First, the entire raw signal is divided into multiple independent segments,
and each segment is treated as a separate training sample. Within each segment, we further divide the signal into
several non-overlapping short windows. An FFT is then computed for each short window, and the resulting spectra
are summed and averaged to produce a stable average power spectrum for that segment. This approach effectively
captures the frequency-domain characteristics of each segment while mitigating the impact of transient fluctuations
within it. Compared to a single FFT over the entire signal, it improves robustness by reducing the influence of local
non-stationarities and transient noise. The resulting Average Power Spectrum is a one-dimensional feature vector
that describes the mean signal intensity across frequencies for each segment. Although this representation provides
enhanced stability and noise resilience, it still retains certain background interference, motivating the denoising step

described next.

5.4 Environmental Noise Processing
The average power spectrum features extracted in the previous step still contain significant ambient noise. To isolate
gesture-specific components, a robust denoising method is required.

A simple technique such as spectral subtraction [38] could be employed, but it often introduces artifacts and performs
poorly under non-stationary noise conditions. To address this, we first employ adaptive signal decomposition to separate
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the raw spectrum into distinct modes. Variational Mode Decomposition (VMD) [12] [10] is particularly well-suited for
this task, as it decomposes the signal into narrowband components with well-defined center frequencies, allowing us to
distinguish gesture-relevant modes from noise-dominated ones. By applying VMD as a preprocessing step, we reduce
the dominance of non-stationary noise and obtain cleaner signal components, on which spectral subtraction can then
be performed more effectively and with fewer artifacts.

VMD extracts all modes simultaneously, adaptively determining their frequency bands, and is more robust and stable
compared to EMD [36]. Each VMD mode is modeled as a narrowband amplitude—frequency modulation (AM-FM)
signal:

ur(t) = Ar(t) cos (Pr (1)), (6)
where Ay (1) is a slowly varying amplitude (A (#) > 0) and @k (¢) is the instantaneous phase. ux () denotes the k-th
mode function to be estimated. In the frequency domain, each mode is assumed to be narrowband, with its energy

concentrated near its center frequency. The optimization objective of VMD is to minimize the bandwidth of all modes

2
} ; 7
2

where uy () is the k-th mode, and wy its center frequency. The operator d; represents the temporal derivative, em-

L
t

while ensuring accurate reconstruction of the original signal:

min
{ug b Awe} {Z

k

o [(S(t) + i) *uk(t)] e /WKt
it

phasizing high-frequency variations. §(¢) is the Dirac delta function, and = is the kernel of the Hilbert transform;
together 5(t) + % is the time-domain representation of the analytic signal operator. The convolution (5 () + ﬁ) s up (1)
therefore constructs the analytic signal of u (). The exponential term e™/¥k! demodulates the signal to baseband
around the center frequency wy. Finally, || - ||2 computes the squared ¢,-norm, which corresponds to the total bandwidth
energy of each mode after demodulation. The above formula also satisfies:

K

D u(®) = £(0), ®)

k=1
where f(t) is the original signal.

Applying VMD requires setting key hyperparameters: the number of modes K, the penalty factor «, and initialization
values for modes, center frequencies, and Lagrange multipliers. The optimization proceeds iteratively through: (1)
modal updates via Wiener filtering in the frequency domain, (2) center frequency updates by computing the spectral
centroid, (3) reconstruction constraints enforced through Lagrange multipliers, and (4) convergence checks, terminating
when mode updates fall below a threshold.

In our workflow, both the gesture-contaminated spectrum and an independently recorded noise spectrum are first
decomposed using VMD with the same parameters. This produces two sets of mode components that are frequency-
aligned across signal and noise. We then compare the corresponding modes from the gesture signal and the noise signal,
and apply spectral subtraction at the mode level. In this way, structured noise such as power-line hum and broadband
interference can be more accurately removed, while gesture-related spectral patterns are preserved. This two-step
process—VMD decomposition followed by mode-wise spectral subtraction—provides a cleaner representation of gesture
features and reduces the artifacts typically introduced by direct spectral subtraction.

For analysis, we retain three versions of the signal: the original spectrum (gesture signal with noise), the noise

spectrum (only noise), and the denoised spectrum (gesture signal after mode-wise spectral subtraction using the
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(a) Antenna with 5 dB gain (b) Signal amplifier with 30 dB gain (c) HackRF One (SDR)

Fig. 4. Hardware components of the EMGesture prototype.

corresponding noise modes). The final denoised spectrum is stored in an .npz file and serves as the input feature for

model training.

5.5 Gesture Recognition

The VMD-based denoising step provides our final feature representation: a clean average power spectrum (APS) [29]. We
segment the raw recordings into segments, each corresponding to a single gesture sample. Every segment is processed
through the full pipeline (signal reconstruction, short-window FFT averaging, and VMD-based denoising) to produce
one APS vector. By collecting a sufficient number of labeled APS vectors for each gesture type, we construct the dataset
for model training.

Given that our feature engineering pipeline already produces discriminative gesture features, it is unnecessary to
employ computationally intensive deep learning models. Instead, we adopt a lightweight yet effective Random Forest
classifier [9]. Random Forest is an ensemble method that trains multiple decision trees on bootstrap samples of the
data, with each tree considering a random subset of features at each split. The final prediction is obtained through
majority voting across all trees. This approach improves classification accuracy, stability, and robustness to overfitting,
while keeping computational cost low. We also compared several classification models in subsequent experiments. The
experiments showed that the random forest model achieved better classification results. For details, please refer to
Section 7.2.2.

In our implementation, the denoised APS dataset is randomly split into training and testing sets with an 80/20 ratio.

The Random Forest is trained on the training set and evaluated on the unseen testing set.

6 Prototype

This section presents the hardware implementation of EMGesture. Our prototype consists of four main components:
an antenna, a signal amplifier, the HackRF software-defined radio (SDR) platform, and a computer (analyzer) for data
processing and analysis. Some components of the system prototype is illustrated in Fig. 4.

The workflow proceeds as follows: (1) the antenna captures gesture-perturbed electromagnetic signals and converts
them into analog voltage signals; (2) the universal signal amplifier boosts the signal strength while reducing interference;
(3) the amplified signals are digitized by the HackRF SDR at a customized sampling rate and streamed to the analyzer;
(4) the analyzer executes the full processing pipeline, including feature extraction, denoising, and classification.

A key advantage of our approach is that the classification pipeline—based on VMD and Random Forest is computa-
tionally lightweight, avoiding the high resource demands of deep learning. This design enables a clear path toward
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future miniaturization: the entire prototype, including a compact antenna, amplifier, sampler, and microcontroller
running the classifier, could be seamlessly integrated into the housing of a wireless charger. Such integration would

yield a fully self-contained and unobtrusive interactive device, requiring no external hardware components.

7 Evaluation
7.1 Experiment Setup

Unless otherwise noted, all experiments were conducted under the following configuration. Interaction hardware: a
Belkin 15W magnetic wireless charger with an iPhone 14 Plus actively charging. Sensing hardware: a receiving antenna
(5 dB gain) positioned approximately 25 cm above the charger, connected to an HT004A signal amplifier (30 dB gain).
The amplified signal was then fed into a HackRF SDR, which digitized the data at a 20 MHz sampling rate and streamed
it to a analyzer for processing.

Data Collection Protocol. After powering on the charger and placing the phone, we waited for the electromagnetic
(EM) field to stabilize. Gestures were performed approximately 12 cm above the charger (between the phone and
antenna). We defined nine classes: one baseline “no gesture” (active charging) and eight distinct hand gestures (Gesture
1, Gesture 2, Gesture 3, Gesture 4, Hand-spreading, Gesture OK, Gesture 8, and Fist). Each gesture was recorded for
about 30 seconds, from which we used the 2nd to 25th second (23 seconds) to exclude transient noise at the start and
end.

Dataset Generation. The effective 23-second recording for each gesture was segmented into 0.5-second windows,
each further divided into 0.01-second sub-windows for power spectrum accumulation. This resulted in 46 data samples
per gesture class (23/0.5). Given a 20 MHz sampling rate and a 0.01-second sub-window, each FFT produced 200,000
points, yielding a feature vector of length 200,000. Thus, the complete dataset contained 46 X 9 = 414 samples, each
represented by a 200,000-dimensional vector.

Data Preprocessing. To enable spectral subtraction, we also collected an ambient noise profile by disconnecting
the wireless charger (while keeping the phone and antenna in place). This noise data was processed through the
same pipeline as the gesture data (segmentation, sub-windowing, and power spectrum computation) to obtain a stable
noise profile. In the denoising stage, spectral subtraction was applied bin-by-bin between the noise profile and the
corresponding gesture spectrum, producing a clean feature vector that preserved gesture-specific perturbations. These
denoised features were then used to train the Random Forest classifier, with performance evaluated using classification

accuracy and a confusion matrix.

7.2 Micro-benchmark

7.2.1  Choosing Data Collection Equipment. Before finalizing our hardware pipeline (antenna and SDR), we evaluated
two alternative sensing devices and compared their performance with our chosen approach.

Alternative 1: Custom ESP32 Magnetic Field Sensor. We first designed and prototyped a custom ESP32-S3
development board equipped with a DRV425 fluxgate sensor, which outputs an analog voltage proportional to magnetic
field strength (Fig. 5). The analog signal was connected to ADC1 channel 4 (GPIO4) of the ESP32-S3, and the digitized
data was transmitted via UDP to a host computer.

We collected data using this board and visualized it both in the time domain (Fig. 6a) and as a spectrogram (Fig. 6b).
These figures covered an 8-second capture: four seconds of “no gesture” baseline followed by four seconds of a
“left-right swing” gesture. As shown, no significant differences were observed between the two phases, and classification
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Fig. 6. Visualization of signals collected using the ESP32 development board

performance was no better than random guessing. We attribute this failure to the ESP32’s limited sampling rate (about
33 kHz), which, according to the Nyquist theorem, restricts capture to frequencies below 16.5 kHz. This suggests that
gesture-related perturbations mainly reside in higher-frequency bands beyond the ESP32’s sensing range, motivating
our decision to adopt a wideband SDR-based solution.

Alternative 2: Sound Card. Inspired by AUDIOSENSE [24], which demonstrated measuring EM waves via audio
sensing, we tested a standard sound card (192 kHz sampling rate) as a low-cost acquisition tool. To further validate
feasibility, we artificially generated stable EM signals by modulating CPU duty cycles, creating periodic loads on the
phone. Fig. 7 shows an example spectrum obtained using this method. Although the sound card successfully captured
low-frequency EM signals, its effective sensing range was limited to approximately 1 cm, making it unsuitable for
practical gesture recognition tasks. In subsequent work (see Sec. 7.6), we leveraged this setup to test the wireless
charger’s negative feedback mechanism for active modulation.

Final Choice: Wideband Antenna with SDR. The above two approaches failed due to insufficient bandwidth
(ESP32) and insufficient range (sound card). We therefore adopted a wideband antenna (5 dB gain) connected to a
HackRF SDR. This setup captures free-space EM waves over a wide frequency range and at longer distances.

Our results confirmed that the antenna—-SDR pipeline robustly detected wireless charger emissions up to 2 m
away, despite the modest antenna gain. Moreover, the captured signals were highly responsive to hand gestures.
As shown in Fig. 8, a hand-spreading gesture caused clear attenuation across multiple frequency bands—sensitivity
absent in the ESP32 and sound card methods. These results demonstrate that the antenna-SDR pipeline provides
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Fig. 8. Spectrum response to a hand-spreading gesture

the necessary bandwidth, sensitivity, and range for our task. Consequently, this configuration was adopted for all

subsequent experiments.

7.2.2  Choosing a Classification Model. To identify the most suitable lightweight classifier for our task, we compared
three widely used models: Random Forest (RF) [16], K-Nearest Neighbors (KNN) [50], and Support Vector Machine
(SVM) [41]. Given the high dimensionality of our features (200,000 dimensions), we applied PCA-based [11] dimension-
ality reduction before training the KNN and SVM to mitigate the curse of dimensionality.

The classification results are summarized in Table 1. Despite PCA preprocessing, Random Forest achieved the highest
accuracy (97.59%), significantly outperforming SVM (86.75%) and KNN (67.47%). The corresponding confusion matrices
in Fig. 9 further illustrate the superior performance of RF.

This advantage can be attributed to the ensemble nature of Random Forest. By aggregating multiple decision trees,

RF effectively captures nonlinear relationships and complex feature interactions. Moreover, decision trees inherently
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Fig. 9. Confusion matrices of different classifiers

Table 1. Classification Accuracy of Different Models

Model Classification Accuracy
Random Forest 97.59%
Support Vector Machine (SVM) 86.75%
k-Nearest Neighbors (KNN) 67.47%

perform feature selection during the splitting process, making RF naturally robust to high-dimensional input without
requiring additional dimensionality reduction. In contrast, PCA only provides a linear projection, which cannot fully
resolve the nonlinear separability in our data. Consequently, SVM performance was limited, as it is highly sensitive to
kernel choice and parameter tuning, particularly in high-dimensional spaces with relatively small training sets. KNN
fared even worse, as distance-based methods remain susceptible to the curse of dimensionality even after PCA, making

it difficult to compute meaningful distances and establish accurate decision boundaries.

7.3 Overall Performance

We next evaluate the overall performance and robustness of our approach by analyzing its adaptability to diverse users,
mobile phones, and wireless chargers.

To assess robustness in real-world scenarios, we designed three independent experiments to test the system under
variability in: (1) users, (2) phone models, and (3) wireless chargers. First, we collected gesture data from 30 distinct
users using the baseline hardware. As shown in Fig. 10, the system consistently achieved high accuracy, ranging from
88.7% to 97.5%, with an average of 94.50%. Second, we tested the system on 10 different mobile phone models. As shown
in Fig. 11, performance exhibited slightly greater variance due to device heterogeneity, with accuracy ranging from
89.5% to 97.5% and an average of 92.58%. Third, we evaluated performance across 10 wireless charger models. Results in
Fig. 12 demonstrate that the system remained highly stable, with accuracy tightly distributed between 93.7% and 95.4%.

The slight decrease observed when testing across diverse phone models can be attributed to hardware differences
and variations in EM field patterns. Nevertheless, maintaining an average accuracy above 92% across all three studies
highlights that our method is both robust and adaptable, ensuring reliable performance under diverse user, device, and
hardware conditions.
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Fig. 12. Gesture recognition accuracy of iPhone 14 Plus on different wireless chargers.

7.4 Impact of Environment

According to [8], the intensity of an electromagnetic (EM) wave decays as it propagates through a conductive medium,
which can be expressed as:

2 1 2
- 2 ~ , )
Hoéo - 1/2 Hoow
W 1+ (w_fo — 1)

where ¢ is the skin depth, defined as the depth below the conductor’s surface at which the current density decreases to
1/e of its value at the surface (approximately 0.37). &y denotes the permittivity of free space, ji the permeability of free
space, o the electrical conductivity, and w = 2z f, with f representing the EM signal frequency.

This principle implies that EM signals attenuate exponentially with distance. Such rapid decay is advantageous for
our system, as it ensures that the sensor primarily captures near-field perturbations, while distant environmental noise
has minimal influence. To validate this property, we conducted an experiment (Fig. 13) by placing a magnetic probe at
varying distances from a strong EM source and recording the resulting intensity. The results confirmed an exponential

decay pattern. This demonstrates that the captured signals are highly localized, supporting our assumption that distant
EM noise has negligible impact on gesture recognition.
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To further assess robustness against environmental EM interference, we tested our system across five diverse real-
world settings: a gymnasium, a library, a cafe, a dormitory, and a laboratory (containing numerous computers and
electronic devices). The results, shown in Fig. 14, indicate that the system consistently achieved an average gesture

recognition accuracy of 94% across all environments. This confirms that our approach is resilient to environmental
variability and largely unaffected by background EM interference.

7.5 Validation of Spectral Subtraction Denoising

To evaluate the effectiveness of our denoising strategy, we first visualize the signals before and after processing.
After generating the average power spectra of both gesture and ambient noise data, we applied the denoising method
described in Section 5.4. The results are shown in Fig. 15. From left to right, the figure presents: (i) the spectrum
containing gesture signals and noise, (ii) the spectrum of ambient noise, and (iii) the spectrum of a gesture signal after
denoising. Prior to processing, the entire signal environment contained approximately 18 dB of background noise, which
blurred the distinction between gestures. After VMD-based decomposition and spectral subtraction, gesture-specific
features became far more salient. Notably, different gestures induced distinct attenuation patterns across frequency
bands, providing reliable features for classification. These enhanced features are subsequently used as input for the
machine learning model.
Effect of Denoising on Accuracy. We next quantified the contribution of our denoising method through an ablation
study using the baseline hardware configuration with a Xiaomi 10 smartphone. Two experiments were conducted: (1)

the full pipeline with VMD-based spectral subtraction, and (2) a baseline where raw, noisy spectra were directly used
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Fig. 15. Visualization of original signal spectrum, ambient noise spectrum, and gesture spectrum after denoising.

Table 2. The impact of noise reduction on accuracy

Model Classification Accuracy
With VMD Denoising 99.20%
Without VMD Denoising 90.77%

for classification. As shown in Table 2, the improvement of 8.43 percentage points confirms that denoising substantially

enhances recognition accuracy by clarifying gesture features, making it a critical component of our pipeline.

7.6 Active Modulation via Negative Feedback

As a proof-of-concept for future work, we explored whether the negative feedback loop of a wireless charger could be
exploited to actively modulate a stable, characteristic signal, rather than relying solely on passive gesture perturbations.

A typical wireless charger consists of a transmitter (Tx) and a receiver (Rx) that exchange energy through electro-
magnetic induction or magnetic resonance [21]. The transmitter must continuously regulate its power output: excessive
power risks overheating, inefficiency, or battery damage, while insufficient power leads to slow charging. To maintain
stability, the system monitors the receiver’s load through a feedback loop. Whenever the output deviates from the
desired level, the transmitter automatically adjusts its driving signal (e.g., oscillation frequency, duty cycle, or voltage
amplitude) to restore balance.

To test whether this feedback mechanism could be harnessed for active modulation, we developed a program that
deliberately oscillates the phone’s power consumption. The CPU alternates between a “busy” compute state and an “idle”
wait state at a designated frequency f. We hypothesized that this periodic load variation at the Rx would propagate
back to the Tx via the feedback loop, thereby embedding a detectable modulation into the transmitted EM field.

We conducted an experiment with the CPU load oscillating at 7 kHz. Using the sound card setup as a sensitive
audio-band data acquisition equipment, we monitored the resulting EM field. As shown in Fig. 16, we successfully
detected a strong, stable 7 kHz signal emitted by the charger, directly synchronized with the CPU load oscillation. This
confirms the feasibility of intentionally modulating the charger’s EM field via software control. In future work, we plan

to leverage this mechanism to generate actively controllable reference signals, opening the door to more reliable and
robust gesture recognition.
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Fig. 16. Detection of a software-induced 7 kHz modulation amplified by the wireless charger’s feedback loop.

8 User Study

To evaluate the user acceptance and satisfaction of EMGesture, we conducted a study with 20 participants (N=20; aged
18-45; 50% male, 50% female). The participants represented a diverse range of occupations, including students, office
workers, and freelancers.

Procedure. Participants first received a short training session to familiarize themselves with the system and practiced
the eight predefined gestures until they demonstrated proficiency. To support the study, we developed a companion
app that provided real-time feedback by displaying the gesture recognized by the system. After completing the task
(performing all eight gestures), participants filled out a five-point Likert-scale questionnaire and participated in a
semi-structured interview. The questionnaire assessed five key metrics: Novelty, Ease of Use (Usability), Learnability,
Naturalness of Interaction, and Future Use Intention.

Results. The survey results are presented in Fig. 17. In terms of Novelty, 80% of participants rated EMGesture as
novel to varying degrees. For Usability, 80% of participants found the system easy to operate, with one participant (P9)
noting that it “required almost no additional instructions to understand.” Regarding Learnability, most participants
reported that the gestures were easy to learn, although 10% found it initially challenging, likely due to their lack of
prior experience. In terms of Naturalness of Interaction, more than half of the participants rated the method as “very
natural and smooth,” with P11 remarking that it was “similar to what they were already used to.” Finally, for Future Use
Intention, 75% of participants expressed willingness to consider adopting EMGesture for smart home or in-car control
scenarios.

Qualitative Feedback. In addition to the questionnaire, interviews provided further insights: P12 (28 years old):
“I find it very interesting, especially when I imagine controlling music in the car without looking at the screen. It’s
very convenient.” P23 (34 years old): “It feels more practical than camera recognition because it doesn’t raise privacy
concerns and doesn’t rely on lighting” P37 (22 years old): “I thought it would be difficult to learn at first, but it only took
a minute or two to get used to. It feels similar to everyday phone gestures” P45 (41 years old): “Maintaining gestures for
a long time can be a bit tiring, but for everyday use the operations are short, so it’s acceptable”

Summary. Overall, the user study demonstrates that EMGesture performs well in terms of novelty, usability, and
user acceptance. Participants considered the interaction method natural and intuitive, imposing minimal physical or
cognitive effort. Supported by both quantitative and qualitative feedback, these findings indicate that EMGesture has

strong potential for real-world adoption, particularly in smart home and in-car control scenarios.
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Fig. 17. Post-survey results on usability and acceptance of EMGesture

9 Discussion

Our study demonstrates the feasibility of leveraging electromagnetic (EM) signals from wireless chargers for gesture-
based interaction. While the evaluation confirms high accuracy, robustness across devices, and strong user acceptance,
several considerations merit further discussion.

System limitations. First, our current prototype requires an external antenna, amplifier, and SDR platform. Although
we have argued for future miniaturization and integration into wireless chargers, additional engineering efforts are
needed to realize a compact, consumer-ready solution. Second, while the system performs robustly across different
environments and devices, our experiments were limited to a relatively small set of charger and phone models. Broader
evaluations in diverse real-world conditions (e.g., varying furniture layouts, denser EM environments) are needed to
ensure generalizability.

Gesture design and usability. Our study focused on a predefined set of eight gestures. While these gestures were
sufficient for validating feasibility, the range of supported interactions could be expanded. Designing gestures that
are both intuitive and ergonomically comfortable for prolonged use remains an open challenge. Additionally, while
most participants reported low physical and cognitive effort, some noted mild fatigue during sustained interactions,
suggesting that gesture duration and complexity should be carefully optimized.

Signal processing and modeling. We adopted Variational Mode Decomposition (VMD) combined with spectral
subtraction as our denoising pipeline, and Random Forests for classification. This choice yielded robust performance
while remaining computationally lightweight. However, alternative denoising techniques (e.g., deep learning-based
denoisers) or advanced classifiers (e.g., convolutional or transformer-based models) may further improve accuracy,
particularly for more complex gesture sets. At the same time, exploring such methods must balance computational cost
and deployability.

Future opportunities. Beyond passive gesture sensing, our proof-of-concept experiment demonstrated the feasibility
of actively modulating charger signals via negative feedback. This opens promising opportunities for richer, controllable
EM interactions. Moreover, as highlighted in prior work, wireless charging is not limited to smartphones but increasingly
extends to wearables, electric vehicles, and smart appliances. Building on this broader applicability, our approach
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could be extended to other domains—such as public interfaces, automotive systems, or assistive technologies—further

broadening the impact of EM-based interaction.

10 Conclusion

In this work, we presented EMGesture, a novel interaction system that leverages the strong ambient electromag-
netic signals emitted by wireless chargers to enable robust, contact-free gesture recognition. Through a carefully
designed signal processing pipeline—including short-window FFT averaging, VMD-based denoising, and Random Forest
classification—our method achieves high accuracy while remaining computationally lightweight.

We implemented a prototype system and conducted extensive evaluations across diverse users, devices, chargers,
and environments. The results consistently demonstrated strong recognition accuracy (up to 97.59%), resilience to
ambient electromagnetic interference, and user acceptance confirmed by a controlled user study. Furthermore, our
proof-of-concept experiment on charger negative feedback highlights the potential for extending EM-based interaction
from passive sensing to active modulation.

We provide a viable and pervasive interaction technique that eliminates the common limitations of conventional
methods, such as contact requirements, privacy concerns, and high costs associated with camera-based or sensor-based
solutions , offering a practical, privacy-conscious, and cost-effective solution.

In the future, we plan to integrate the entire sensing pipeline into compact hardware for seamless deployment, and

expanding application domains beyond smartphones to smart homes, automotive systems, and assistive technologies.
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