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Abstract
Wireless charging eliminates cumbersome cables, revolutionizing
how to charge mobile devices, yet reliably detecting metal foreign
objects (e.g., keys, SIM ejectors, paper clips) poses a persistent chal-
lenge. This detection is critical, as such objects can inadvertently
enter the charging zone, absorb energy, and trigger overheating,
diminished efficiency, device damage, and even burns or fires. Ex-
isting approaches mainly monitor energy loss at the mobile device
to infer intrusions, but this loss mixes inherent system dissipation
with object-induced effects, both highly variable across devices
and conditions, which often results in missed detections (as found
in a range of commercial chargers). In this paper, we present Met-
Sentry, a novel system design that takes a fundamentally differ-
ent approach. Our key insight is that, beyond energy absorption,
metal foreign objects also alter the electromagnetic field: they dis-
proportionately attenuate the high-frequency harmonics in the in-
band communication waveforms during charging, acting as a low-
pass filter and yielding a distinctive, physics-grounded fingerprint
of their presence. MetSentry captures and analyzes these finger-
prints through a lightweight sensing circuit and a tailored software
pipeline that extracts robust, discriminative features, which can be
seamlessly integrated into wireless chargers, enabling reliable de-
tection. Extensive experiments with various commercial wireless
chargers, smartphones, andmetal foreign objects demonstrate that
MetSentry consistently outperforms both built-in charger detec-
tion and state-of-the-art methods.

CCS Concepts
• Hardware → Power and energy; • Computer systems orga-
nization → Embedded and cyber-physical systems.

Keywords
Wireless charging, foreign object detection, harmonic fingerprint-
ing, contrastive learning, mobile sensing

Thiswork is licensed under a Creative CommonsAttribution 4.0 International License.
MobiSys ’26, June 21–25, 2026, Cambridge, United Kingdom
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2027-7/2026/06
https://doi.org/10.1145/3745756.3809222

ACM Reference Format:
Shenyao Jiang, Yang Liu, Lixiang Han, Xinyu Wang, Hao Zhou, and Zhen-
jiang Li. 2026. Reliable Metal Foreign Object Detection for Mobile Wire-
less Charging via Harmonic Fingerprinting. In The 24th Annual Interna-
tional Conference on Mobile Systems, Applications and Services (MobiSys ’26),
June 21–25, 2026, Cambridge, United Kingdom. ACM, New York, NY, USA,
15 pages. https://doi.org/10.1145/3745756.3809222

1 Introduction
Wireless charging, which delivers energy through an electromag-
netic field, has revolutionized how mobile devices are charged by
enabling seamless, contactless energy transfer between a charger
and a device [6, 9, 10]. With over 80% of flagship phones now sup-
porting this technology [39] and projections exceeding $165 billion
by 2034 [50], wireless charging is swiftly becoming ubiquitous in
consumer electronics, offices, homes, cars, malls, etc.

Safety is the cornerstone of wireless charging, and modern stan-
dards treat metal foreign object detection (FOD) as a mandatory
safety mechanism [8, 32]. Everyday items like keys, coins, SIM
ejectors, andNFC or transit cards can inadvertently enter the charg-
ing zone, e.g., when placed inside phone cases, attracted by align-
ment magnets, or simply overlooked on charging surfaces as users
increasingly integrate chargers into cars, offices, kitchens, and pub-
lic spaces. Such objects absorb electromagnetic energy and can
heat rapidly, posing risks of burns, device damage, or even fires.

To avoid these dangers, global regulations including IEC 62368-
1 [8], GB/T 38775 [34], and the Qi2 [10] standards require charg-
ers to detect foreign metals before the object temperature exceeds
70 ◦C (beyond which risks may occur), and mandate ignition tests
across more than a dozen metal object configurations [8, 10]. De-
spite these clear requirements, our measurements of 10 popular
chargers across Asia, Europe, and North America show that most
fail tomeet this threshold, allowing commonmetal objects to reach
90 ◦C to 150 ◦Cwithout triggering detection (§2). Aswireless charg-
ing continues to proliferate into homes, vehicles, industrial sites,
and other metal rich or safety sensitive environments [24], clos-
ing this detection gap is not only a technical challenge, but also an
urgent and under-recognized safety demand.
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Figure 1: (a) A metal foreign object present in the charging
zone will introduce an additional coupling circuit to absorb
energy. (b) A showcase of an undetectedmetal foreign object
using a commercial wireless charger, leading to overheating
up to 96.4◦C captured by a thermal imaging camera and de-
formation of the charger.

Understandingwhy these failures occur requires examining how
existing detection mechanisms work. When a foreign object1 en-
ters the charging zone, it creates an additional (parasitic) coupling
circuit between the charger (Tx) and the mobile device (Rx) to ab-
sorb energy, consisting of resistive and inductive elements [30], as
illustrated in Figure 1(a). Prevailing approaches detect these intru-
sions primarily by monitoring energy loss (or related parameters,
detailed in §7) at the Tx [10, 30]. The core challenge lies in the com-
plex combination of the system’s inherent energy dissipation and
object-induced effects. Inherent dissipation varies with receiver
model, coil alignment and power level, while object-induced ef-
fects hing on the object’s material, geometry and position. Because
their combined effect is highly variable, many commercial wire-
less chargers employ overly conservative detection thresholds that
favor uninterrupted charging over safety. Consequently, missed de-
tections are alarmingly common, as shown in Figure 1(b).

To overcome these limitations, we take a different perspective
in this paper by exploiting distinctive fingerprints of metal foreign
objects in the charging zone for reliable detection. In addition to
energy delivery, the electromagnetic field also serves as a com-
munication channel, allowing mobile devices to periodically trans-
mit status updates to the charger [52]. These packets are encoded
by modulating the field’s amplitude into a square-wave sequence
through load adjustments at the device (detailed in §2). When a
metal object appears, its resistive element uniformly attenuates
the electromagnetic field across frequencies, while the inductive
element selectively suppresses high-frequency harmonics.

Drawing on Fourier analysis, square-wave signals are inherently
rich in high-frequency harmonics at their transitional edges. We
observe that a foreign object’s inductive element acts as a low-
pass filter, smoothing these edges into rounded, sine-likewave-
forms dominated by low-frequency components. This phenomenon
yields a physics-grounded, distinctive harmonic signature that en-
ables precise detection – far superior to the empirical, threshold-
based approximations of priormethods. By inspecting these unique
fingerprints, our approach achieves markedly higher accuracy and
reliability. Leveraging this insight, we tackle two problems:

1) Reliable harmonic sensing. We propose integrating a low-
cost planar sensing coil array into the wireless charger, optimized
to capture electromagnetic field waveforms rich in harmonic de-
tails. As a proof-of-concept, we fabricate it using a copper trace
printed on a PCB.The high-impedance coil design ensures that the
1We sometimes refer to metal foreign objects simply as foreign objects.
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Figure 2: (a) Individual circuits of Tx and Rx. (b) Equivalent
wireless charging circuit (without foreign objects).

array itself does not become a foreign object. Commercial charg-
ers can easily adopt this design by allocating modest PCB space
during manufacturing.

2) Robustness across real-world conditions. Even with cost-
effective hardware, detection must cope with real-world variabil-
ity, including different object positions, charging power levels, and
unseen metal items. Since it is impractical to anticipate all such
variations, we adopt a simple contrastive learning strategy that
focuses on distinguishing foreign-object fingerprints from normal
charging patterns.This keeps the approach lightweightwhilemain-
taining reliable detection without exhaustive data collection.

We integrate this hardware-software co-design into a compre-
hensive system, MetSentry, and prototype it for evaluation. Our
hardware employs three compact sensing coils for spatial diver-
sity, fabricated as concentric 0.8 mm copper traces with radii span-
ning 10–19 mm. Deployed across 14 commercial wireless chargers,
we evaluate MetSentry with various popular smartphones and 11
common metal foreign objects (detailed in §5). Results reveal that
11 out of these 14 chargers rarely detect foreign objects before
the 70 ◦C safety threshold by existing methods, while MetSentry
successfully detected all cases. It outperforms built-in commercial
detection mechanisms by 75.9–86.6% and the state-of-the-art aca-
demic method by 35.1–77.0%. Crucially, MetSentry detects foreign
objects at an average temperature of just 32.8 ◦C, far below safety
thresholds. Micro-benchmarks confirm its robustness across var-
ied scenarios. The paper’s contributions are summarized below.
• We discover a significant safety hazard of missed detection for

metal foreign objects on commercial wireless chargers, identify
the reason, and find and leverage a novel physics-grounded fin-
gerprint for reliable detection.

• We present MetSentry, a full-stack solution comprising low-cost
sensing coils optimized for electromagnetic signal acquisition
and a software pipeline tailored for efficient preprocessing and
metal foreign object detection.

• We conduct experiments across multiple commercial wireless
chargers and smartphones, demonstrating thatMetSentry signif-
icantly outperforms commercial and state-of-the-art methods in
detecting metal foreign objects across our evaluated test set.

2 Background and Observation
2.1 Wireless Charging and Foreign Objects
(1) Overview ofWireless Charging.As illustrated in Figure 2(a),
the wireless charging modules in the charger (Tx) and the mobile
device (Rx) each have dedicated charging circuits. The Tx gener-
ates an alternating current that flows through its coil (inductor),
producing an alternating electromagnetic field. Through electro-
magnetic induction, this field induces a corresponding current in
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Figure 3: (a) Eddy currents induced inside the foreign object.
(b) Equivalent circuit with the metal object.

the Rx inductor, which then flows in the Rx circuit to charge de-
vice’s battery (load).

This process can be represented as the simplified equivalent
circuit in Figure 2(b), comprising three essential parts:

• Excitation current 𝑖 (𝑡): The alternating current driven by the
Tx’s alternating voltage 𝑣 (𝑡), which generates the electromag-
netic field.

• Impedance (𝑟 , 𝑙 , 𝑐): A compact representation of Tx and Rx cir-
cuits’ combined behavior. Here, 𝑟 models resistive losses from
Tx and Rx, while 𝑙 and 𝑐 reflect the equivalent inductive and ca-
pacitive properties of the Tx and Rx.

• Load 𝑟𝑙𝑜𝑎𝑑 : The effective resistance of Rx’s load, primarily the
battery, and 𝑖 (𝑡) flows through 𝑟𝑙𝑜𝑎𝑑 to charge the battery.

(2)Metal ForeignObjects.Metal objects commonly found near
mobile devices include SIM ejectors, paper clips, coins, and con-
tactless chip cards. These items are typically small and thin. With
the widespread use of wireless chargers in more and more aspects
of our daily life (e.g., homes, cars, and public sites), such objects
can easily get into charging zones (e.g., placed inside phone cases,
attracted by alignment magnets in the charger, or placed on dark,
cluttered surfaces) and remain there for extended periods, but users
may habitually charge their phones without noticing them [23].

Consequences.The electromagnetic field induces eddy curren-
ts within these objects [35] (Figure 3(a)), leading to overheating,
often reaching 70–100 ◦C or higher. This not only squanders en-
ergy, diminishes charging efficiency, and extends charging dura-
tions but also risks damaging sensitive electronic components and
causes severe dangers like burns, fires, or explosions [30, 52, 62].
Such risks will intensify in (increasingly prevalent) interconnected
setups (e.g., in-car phone charging and shared charging trays) and
metal-rich or safety-sensitive environments (e.g., warehouses and
industrial sites), where a single risk could cascade into catastrophe.

Safeguard requirements. The International Electrotechnical
Commission (IEC) establishes rigorous safety standards for elec-
tronic devices [8]. In particular, IEC 62368-1 defines a thermal limit
of 70 ◦C for accessible parts and requires that equipment prevent
metal foreign objects from exceeding this threshold. Consistent
with this, global wireless power standards like GB/T 38775 [34],
and the Qi protocol family [10] treat foreign object detection as a
fundamental safety function: they require chargers to detect for-
eign metals before the object temperature exceeds 70 ◦C, and man-
date ignition tests across more than a dozen representative metal
object configurations [10, 34]. Since the electromagnetic field atten-
uates rapidly outside the charging zone, the influence of nearby
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Figure 4: Temperature distribution when detecting for-
eign objects on various commercial wireless chargers. Most
chargers fail to identify foreign objects before their temper-
ature exceeds the IEC-mandated safety threshold of 70 ◦C.

metal objects is small. Therefore, the IEC standard and Qi2 com-
pliance only focus on detecting metal foreign objects within the
charging zone [8, 10].
(3) Difficult of Detection. Despite these clear safeguard require-
ments, reliably detecting metal foreign objects in practice remains
challenging. To understand why, we first examine a foreign ob-
ject’s impact on the charging system. In Figure 3(a), eddy currents
in the object generate a secondary electromagnetic field that dis-
torts the original charging field. Circuit-wise, this equates to in-
troducing an additional coupling component into the equivalent
charging circuit, with a resistor 𝑟𝑜 and an inductor 𝑙𝑜 (Figure 3(b)).
The overall circuit equation retains the form from Figure 2(b):

𝑣 (𝑡) = (𝑟 ′ + 𝑗𝜔𝑙 ′ + 1
𝑗𝜔𝑐

+ 𝑟𝑙𝑜𝑎𝑑 ) × 𝑖 (𝑡), (1)

but with 𝑟 ′ and 𝑙 ′ modified by the metal foreign object:
𝑟 ′ = 𝑟 + 𝛽 × 𝑟𝑜 , and 𝑙 ′ = (1 + 𝛼) × 𝑙 + 𝛽 × 𝑙𝑜 , (2)

where 𝑟 and 𝑙 are the baseline resistance and inductance without
the foreign object, and 𝛼 and 𝛽 capture the coupling dynamics be-
tween the foreign object and the Tx-Rx circuit.
• Coefficient 𝛼 reflects the strength of coupling between the ob-

ject and the Tx-Rx circuit, influenced by the object’s material
properties such as conductivity and geometry.

• Coefficient 𝛽 accounts for the induced eddy currents and field su-
perimposition, varying with the object’s position and the num-
ber of objects in the charging zone.
Commercial methods. Existing commercial wireless chargers

typically rely onmeasures of energy loss for detection [9, 32].While
foreign objects indeed absorb energy, accurately quantifying this
loss demands estimating the unknown coupling parameters such
as coefficients 𝛼 and 𝛽 . Moreover, variations in device models, coil
coupling, and power levels further influence the current 𝑖 (𝑡), ren-
dering precise estimates infeasible in practical settings. Hence, com-
mercial systems resort to conservative detection thresholds for en-
ergy loss, whichminimize disruptive false positives but often delay
detection, increasing the likelihood that metal objects remain un-
noticed until the temperature rises beyond safety limits.

To understand the shortcomings of existing methods, we per-
form a preliminary experiment on nine commercial wireless charg-
ers. For each, we position a metal object at ten varied locations
within the charging zone and use K-type thermocouple sensors for
real-time surface temperature monitoring and recording the tem-
perature at detection. Figure 4 shows that these chargers rarely
detect foreign objects before their temperature exceeds the IEC-
mandated safety threshold of 70 ◦C. Detection frequently occurs
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Figure 5: Example of a wireless charging data packet: the
electromagnetic field amplitude is modulated into a square
wave for transmission.

only at dangerously high temperatures, with an average of 93.3 ◦C
and worst-case delays pushing beyond 150 ◦C. These findings un-
derscore the inadequacy of energy loss-based approaches in safe-
guarding wireless charging reliability and user safety.

Othermethods.Othermethods, likemonitoring other relevant
circuit parameters or using on-device (temperature) sensors, also
present similar problems (see §6).

2.2 Design Observation
(1) Communication inWirelessCharging.Duringwireless cha-
rging, the mobile device regularly feeds back status updates to the
charger, reusing the same electromagnetic field through amplitude
modulation.

Specifically, the charging module on the mobile device (Rx) in-
cludes an on-off switch in parallel with the main load, as shown in
Figure 2(a). By toggling this switch, the device creates a temporary
current path that alters the effective load impedance, modulating
the current drawn from the charger and reshaping the electromag-
netic field’s amplitude into a square-wave pattern. Data is then en-
coded in this square wave via differential bi-phase encoding [52]
(a variant of Manchester coding). Figure 5 exemplifies one such
packet, with the following key properties:
• Packet format: A preamble (at least 11 cycles) followed by a

header, payload (message), and checksum. Packet duration is
typically 20–50 ms depending on message length.

• Packet interval: The interval between two data packets nor-
mally ranges from tens to hundreds of milliseconds.

• Fundamental frequency: 2 kHz, each bit lasting 500 𝜇s.
(2) Opportunity: Harmonic Fingerprints. A square-wave sig-
nal is inherently rich in harmonic components — its sharp edges
introduce higher-frequency components that are integer multiples
of the fundamental frequency, essential for maintaining the wave-
form’s square shape. On the other hand, during wireless charg-
ing, the charger dynamically adjusts its capacitance to make the
equivalent circuit’s capacitance 𝑐 and inductance 𝑙 match (as in Fig-
ure 2(b)), targeting for LC resonance to cancel reactive impedance.
This tuning directs most of the current 𝑖 (𝑡) toward the load 𝑟𝑙𝑜𝑎𝑑 ,
maximizing efficiency while minimizing distortions to the electro-
magnetic field. Consequently, in the absence of metal foreign ob-
jects, sensed electromagnetic field envelopes during packet trans-
mission exhibit pronounced square-wave characteristics.

In contrast, a metal object’s intrusion introduces parasitic in-
ductance, disrupting the LC balance and leaving residual induc-
tive reactance. Inductors naturally attenuate high frequencies, so
this mismatch acts as an effective low-pass filter. As a result, the
sensed electromagnetic field envelope during packet transmission
tends to lose its sharp edges, with higher harmonics suppressed,

0 1 2 3
Time (ms)

-0.002

0.002

0 1 2 3
Time (ms)

-0.001

0.001

Figure 6: (a)Without foreign object, the signal amplitude en-
velope is square-waved, slightly distorted by imperfect LC
tuning and device interference; (b) The presence of foreign
object yields a sine-like envelope.

degrading into a smoother, sinusoidal waveform dominated by the
fundamental frequency.

We empirically validate this effect. As shown in Figure 6(a), with-
out a foreign object, the envelope of awireless charging data packet
retains a distinct square-wave form, with minor deviations from
imperfect LC tuning and weak coupling of electronic components
inside the phone. Conversely, Figure 6(b) demonstrates that a for-
eign object’s presence suppresses harmonics, producing a sinusoi-
dal-like envelope (because higher harmonics are not completely
suppressed, there are slight differences from the ideal sine wave).

This observation reveals a key opportunity: rather than rely-
ing on unknown Tx-Rx parameters or variable energy-loss metrics,
we can robustly detect foreign objects by monitoring the charac-
teristic suppression of higher-order harmonics in communication
signals. The unique patterns of this suppression provide a device-
agnostic, highly discriminative fingerprint, enabling consistent and
accurate detection across varied chargers, devices, and object types.
(3) Design Overview. Building on this observation, we develop
MetSentry through two synergistic designs, providing a lightweig-
ht and cost-effective choice for integration into wireless chargers:
1) Sensing hardware platform: Customized sensing coils and op-
timized circuits to capture high-quality electromagnetic field sig-
nals, preserving harmonic details without interfering with normal
charging operations (§3); 2) Detection software pipeline: A tai-
lored pipeline that preprocesses sensed signals and leverages har-
monic fingerprints for robust metal foreign object detection (§4).
Wireless charger manufacturers, the primary target adopters of
MetSentry, can leverage our design to improve their chargers.

3 Sensing Hardware Platform
To harness harmonic fingerprints for foreign object detection, Met-
Sentry requires a hardware platform to capture electromagnetic
communication signals with sufficient fidelity.

3.1 Hardware Design
Figure 7 shows an overview of our hardware design with twomain
components: 1) sensing coils and 2) a signal extractor. The sensing
coils capture the time-varying electromagnetic field, while the ex-
tractor circuit converts raw coil signals into clean harmonic finger-
prints suitable for detection.
(1) Sensing Coils. Conventional magnetic sensors provide cali-
brated absolute flux measurements but require complex circuitry,
large form factors, and high power, and are typically limited to low-
frequency operation (75 Hz for HMC5883L [25]), making them un-
suitable for capturing the high-frequency harmonics needed for
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Figure 7: Hardware design with sensing coils (left) and the
corresponding extractor circuits (right) to obtain envelop
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foreign object detection [25, 60]. Instead, we only need relative
variations in the electromagnetic field, specifically the harmonic
components of the 2 kHz communication signal, and therefore ado-
pt a planar sensing coil whose Faraday-law-induced voltage di-
rectly exposes thesemodulation patterns and harmonic distortions.
Since wireless charging requires continuous communications be-
tween the charger and the mobile device, the sensing fingerprint
can be consistently obtained, enabling uninterrupted detection.

1.1) Design. We develop a planar circular sensing coil that di-
rectly picks up the magnetic field with minimal latency and wide
bandwidth. As a proof of concept, the coil is fabricated as a copper
trace on a thin flexible printed circuit board (PCB). For practical de-
ployment, commercial chargers can reserve a small portion of PCB
space to integrate the sensing coil, without requiring additional
PCB layers. The total additional hardware cost, including the ex-
traction circuit, is about $5, which becomes negligible when mass-
produced and integrated at the PCB level. This offers a lightweight
and cost-effective choice for integration into wireless chargers.

Will the sensing coil itself be a foreign object? No.The high
input impedance of the subsequent detection circuit limits the in-
duced current in the coil to 𝜇A levels, ensuring that the sensing
coil itself does not become a heat-generating object. As shown in
Figure 8, over 90 seconds of charging, the temperature curve of our
sensing coil (“with coil”) almost overlaps the temperature change
at the same location without the coil (“without coil”), whereas a
metal foreign object causes the temperature to over 90 ◦C (“with
object”). This indicates that our sensing coil does not behave as a
heat-generating object and ensures safety compliance.

1.2) Sensing Principle. When exposed to the electromagnetic
field of the charger, the sensing coil experiences a changing mag-
netic flux Φ, which induces a voltage across the coil according to
Faraday’s law. MetSentry uses this induced voltage 𝑢𝑐𝑜 (𝑡), which
can be expressed as:

𝑢𝑐𝑜 (𝑡) = 𝛾
𝜕Φ

𝜕𝑡
= 𝛾

𝜕(𝐴 × 𝐵(𝑡))
𝜕𝑡

, (3)

where𝐴 is the area covered by the sensing coil,𝐵(𝑡) is themagnetic
field strength, and 𝛾 is a proportionality constant.

Because the magnetic field 𝐵(𝑡) is directly related to the exci-
tation current 𝑖 (𝑡) in the equivalent charging circuit (detailed by
Eqn. (11) in §3.2), the induced voltage 𝑢𝑐𝑜 (𝑡) can reflect the har-
monic content of 𝑖 (𝑡). In other words, the sensing coil transforms
variations in the charging field into a measurable voltage signal,
from which we can extract the harmonic fingerprints needed for
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Figure 8: Temperature changes over time under three con-
ditions to demonstrate that our sensing coil itself will not
become a heat-generating foreign object.

foreign object detection. In principle, a wireless charger can reuse
its charging coil for detection (similar to a dedicated sensing coil),
but the performance is limited due to insufficient spatial diversity.

1.3) Spatial Diversity. Beyond single-coil sensing, MetSentry
also leverages spatial diversity to improve robustness. The sens-
ing coil in our design is circular, which not only simplifies circuit
integration but also allows multiple coils to be placed concentri-
cally as an array with minimal overhead (Figure 7(left)). This ar-
rangement requires no extra deployment space yet enables simul-
taneous measurements at slightly different positions in the electro-
magnetic field. Each coil of different radii operates independently
and outputs its own 𝑢𝑐𝑜 (𝑡) signal, covering different areas within
the charging zone and providing multiple perspectives of the same
charging process. These parallel channels enhance the likelihood
of capturing spatial distortions caused by foreign objects and im-
prove detection performance than using one coil. The number of
coils can be adjusted, and we empirically use 3 by default (§6.3).
(2) Signal Extractor.The sensing coil output𝑢𝑐𝑜 (𝑡) contains both
the 2 kHz communication signal and 360 kHz power carrier, pro-
ducing a composite waveform from which harmonics need to be
extracted. If we directly sample the signal to extract the desired fre-
quency components, processing such high-rate streams can quickly
overwhelms resource-constrained processors, especiallywhenmul-
tiple coils are used, leading to buffer overflows and data loss.

2.1) Extracting envelope. Since the harmonic fingerprints we
require appear in the low-frequency 2 kHz envelope of the com-
munication signal, we design a lightweight circuit that directly ex-
tracts this envelope, as depicted in Figure 7. A classic envelope
detector (diode plus low-pass filter) uses a diode (𝐷), resistor (𝑅),
and capacitor (𝐶), but it cannot be applied directly here: the diode
only conducts when the input exceeds its forward voltage (about
0.27 V), which would cause weak yet informative harmonic compo-
nents to be lost. To overcome this limitation, we extend the circuit
design so that even low-amplitude signals can be preserved, ensur-
ing reliable capture of harmonic fingerprints for detection.

2.2) Enhanced extractor. MetSentry extends the classic enve-
lope detector with two key enhancements:
• Dead zone removal:We add an auxiliary diode (𝐷0) with 0.5 V for-

ward bias in parallel with the sensing coil. This configuration es-
tablishes a DC bias current path that maintains the main diode𝐷
in a pre-conduction state, enabling the classic envelope detector
to function as an amplitude holder, as shown in Figure 7. Hence,
𝐷 does not fully switch off during weak inputs, and the signal
(𝑢𝑐𝑜 (𝑡)), although small, can still pass through to the amplitude
holder for envelope extraction. This eliminates the dead zone
caused by the diode’s forward voltage and ensures that weak
harmonic components are preserved rather than lost.
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• Capacitor-assisted amplification: For very small input amplitudes,
the extracted envelope can still be too weak, reducing detection
reliability. To mitigate this, we place an additional capacitor (𝐶0)
in series with the sensing coil as shown in Figure 7. This capaci-
tor blocks DC (𝐷0) while creating a charge-pump effect that en-
hances the AC signal amplitude presented to diode 𝐷 , i.e., boost-
ing its input voltage from 𝑢𝑐𝑜 (𝑡) to 𝑢𝑐𝑜 (𝑡) + |𝑢𝑐𝑜 (𝑡) |𝑝𝑘 , where
|𝑢𝑐𝑜 (𝑡) |𝑝𝑘 is the peak amplitude. Since the negative portion of
𝑢𝑐𝑜 (𝑡) cannot pass through diode 𝐷 , its effect is equivalent to
adding |𝑢𝑐𝑜 (𝑡) |𝑝𝑘 to the amplitude, as shown in Figure 7. This
improves envelope detection for weak signals.
To maximize envelope detection performance, 𝑅 and 𝐶 in the

amplitude holder are critical and should satisfy [40]:

(5 ∼ 10) × 1
𝑓𝑜

≤ 𝑅 ×𝐶 ≤ 1 − 𝑑𝑚
2𝜋 𝑓𝑎 × 𝑑𝑚

, (4)

where 𝑑𝑚 is the modulation depth (typically 0.05). Based on 𝑓𝑜 =
360 kHz and 𝑓𝑎 = 2 kHz in wireless charging, we set 𝑅 = 5.6 kΩ
and 𝐶 = 10 nF in MetSentry.

3.2 Signal Analysis
The output 𝑢𝑑𝑒𝑡 (𝑡) of the circuit in Figure 7 tracks the varying of
the upper envelop of a variant of the sensing coil’s output 𝑢𝑐𝑜 (𝑡) +
|𝑢𝑐𝑜 (𝑡) |𝑝𝑘 . This output approximates the shape of the square-wave
amplitude while preserving the effects of dead-zone removal and
capacitor amplification. To confirm that𝑢𝑑𝑒𝑡 (𝑡) still retains the har-
monic fingerprints needed for foreign object detection, we provide
a theoretical analysis and experimental verification.
1) Circuit Output 𝒖𝒅𝒆𝒕 (𝒕). In the amplitude holder of Figure 7,
the product of resistance (𝑅) and capacitance (𝐶), known as the
RC time constant (𝜏) [41], represents the time duration, wherein
the capacitor charges or discharges through the resistor.Therefore,
𝑢𝑑𝑒𝑡 (𝑡) can be expressed as:

𝑢𝑑𝑒𝑡 (𝑡) = max
𝜏∈[𝑡−𝜏,𝑡 ]

(𝑢𝑐𝑜 (𝜏) + |𝑢𝑐𝑜 (𝜏) |𝑝𝑘 ) × 𝑒−
𝑡−𝜏
𝜏 , (5)

which can be rephrased as follows after we substitute 𝑢𝑐𝑜 (𝑡) (de-
rived below in Eqn. (11)) into the above equation:

𝑢𝑑𝑒𝑡 (𝑡) = −
𝛾𝜇0𝐴𝐾𝑓𝑜 sin( 𝜋𝑇𝑑2 )
𝜋 (𝑧 + 𝑟𝑙𝑜𝑎𝑑 + H(𝜔)) ×

[
1 + 𝑢𝑠𝑞 (𝑡)

]
, (6)

where 𝑢𝑠𝑞 (𝑡) represents a square wave, and 𝑇𝑑 is the duty cycle
of power source. The complex impedance 𝐻 (𝜔) and other factors
in Eqn. (6) will be elaborated below in this subsection. Through
Fourier expansion, we can obtain:

𝑢𝑑𝑒𝑡 (𝑡) ∝
∞∑
𝑛=1

sin(𝑛𝜔𝑡)
Ĥ(𝑛𝜔)

�����
𝜔=2𝜋 𝑓𝑎

, (7)

where Ĥ(𝑛𝜔) = 𝑧 + 𝑟𝑙𝑜𝑎𝑑 + H(𝜔), and the central frequency of
square wave is 𝑓𝑎 (i.e., 2 kHz).

Eqn. (7) indicates that 𝑢𝑑𝑒𝑡 (𝑡) combines multiple sine waves at
frequencies “𝑛× 𝑓𝑎”, scaled by the inverse of the circuit’s frequency
response Ĥ(𝑛𝜔). When a foreign object introduces an inductor, it
acts as a low-pass filter, that is, the impedance of this inductor rises
with frequency, strongly weakening harmonics (𝑛 ≥ 2) by making
Ĥ(𝑛𝜔) larger. This suppresses high-frequency harmonics, leaving
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Figure 9: Spectrum of the circuit output 𝑢𝑑𝑒𝑡 (𝑡) collected (a)
without and (b) with foreign object. For ease of presentation,
we normalize the magnitudes to the value of the fundamen-
tal frequency of 2 kHz.

a cleaner signal dominated by the foundation frequency 𝑓𝑎 that
resembles a wave closer to a sine wave in the time domain.

Empirical validation. To reveal this, we collect 𝑢𝑑𝑒𝑡 (𝑡) with and
without foreign object. We compare their spectrum and indeed ob-
serve in Figure 9(b) that when there is foreign object, the spectrum
shows obvious attenuation at high-order harmonics, e.g., > 2 kHz,
compared to Figure 9(a).
2) SensingCoil Output 𝒖𝒄𝒐 (𝒕).Wederive the sensing-coil output
𝑢𝑐𝑜 (𝑡) used in Eqns. (5) and (6). The Tx source 𝑣𝑠𝑟 (𝑡) is amplitude-
modulated by the Rx switching 𝑢𝑠𝑞 (𝑡) in §3.1:

𝑣 (𝑡) = 𝑣𝑠𝑟 (𝑡)
(
𝑢𝑠𝑞 (𝑡) + 1

)
, (8)

where𝑢𝑠𝑞 (𝑡) is a squarewave 𝑑𝑚
𝜋

∑∞
𝑛=1,3,5,...

sin(2𝜋𝑛𝑓𝑎𝑡 )
𝑛 with depth

𝑑𝑚 and 𝑓𝑎 = 2 kHz. The equivalent impedance is:

𝑧′ = (𝑟 + 𝑗𝜔𝑙 + 1
𝑗𝜔𝑐 ) + 𝑟𝑙𝑜𝑎𝑑 +

(
𝛽𝑟𝑜 + 𝑗𝜔 (𝛼𝑙𝑜 + 𝛽𝑙𝑜 )

)
= 𝑧 + 𝑟𝑙𝑜𝑎𝑑 + 𝐻 (𝜔), (9)

where 𝐻 (𝜔) captures the foreign-object perturbation. Thus the ex-
citation current is:

𝑖 (𝑡) = 𝑣𝑠𝑟 (𝑡)
𝑢𝑠𝑞 (𝑡) + 1

𝑧 + 𝑟𝑙𝑜𝑎𝑑 + 𝐻 (𝜔) . (10)

By the Biot–Savart law [17] and combining with Eqn. (3), the
current 𝑖 (𝑡) induces:

𝐵(𝑡) = 𝜇0
4𝜋

∮
𝑖 (𝑡) r̂ · 𝑑l

𝑟2
, and 𝑢𝑐𝑜 (𝑡) = −𝛾 𝜇0𝐴

4𝜋
𝐾
𝜕𝑖 (𝑡)
𝜕𝑡

, (11)

where 𝜇0 is the vacuumpermeability,𝐴 is the sensing-coil area, and
𝐾 captures the coil geometry and placement. Substituting above
𝑢𝑐𝑜 (𝑡) into Eqns. (5) and (6) yields 𝑢𝑑𝑒𝑡 (𝑡).

4 Software Detection Pipeline
While the output signal 𝑢𝑑𝑒𝑡 (𝑡) from our sensing circuit embeds
distinctive fingerprints indicative of metal foreign objects, real-wo-
rld factors like power and device position/load variations can af-
fect the extent of square-wave deviations, consequently impacting
detection reliability. To mitigate these influences, we introduce a
software detection pipeline.

4.1 Data Preprocessing
Data packets are interspersedwithin𝑢𝑑𝑒𝑡 (𝑡), with only their ampli-
tude segments being modulated into square waves (§2.2). Thus, we
first identify and extract these data packet segments from 𝑢𝑑𝑒𝑡 (𝑡)
before performing subsequent processing.
(1) Signal Segmentation. Figure 10(a) depicts the amplitude of
𝑢𝑑𝑒𝑡 (𝑡) during phone charging, revealing distinct temporal bursts
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Figure 10: Illustration of the packet segmentation.
where each corresponds to a data packet. After receiving status up-
dates from the phone, the wireless charger may adaptively adjust
charging power levels, for instance, incrementally ramping up as
seen in Figure 10(a). To achieve precise data packet boundary de-
tection, we design the following preprocessing operations:
• Power fluctuation removal: A bandpass filter (e.g., 0.9–9 kHz)

eliminates low-frequency artifacts from charging power varia-
tions, as shown in Figure 10(b).

• Envelop extraction: Slidingwindow averaging followed byme-
dian filtering extracts the signal envelop, effectively highlight-
ing packet structures while suppressing noise, as shown in Fig-
ure 10(c) for the output.

• Boundary detection: Percentile-based normalization (e.g., 5th–
95th percentiles) accommodates amplitude variability, with thre-
sholds (0.5 inMetSentry) pinpointing packet boundaries, as illus-
trated in Figure 10(d).

• ACK packet removal: Enforcing packet duration constraints
(400–1200 samples) andminimum packet intervals (300 samples)
to filter out ACKs, whose short boundaries fall below the valid
duration range (Figure 10(e)).
The detected boundaries are then applied to the original sig-

nal (Figure 10(a)) to extract individual packets, as depicted in Fig-
ure 10(f). For foreign object detection, we focus on each packet’s
preamble (the first 11 cycles), which encodes all “1” bits via alter-
nating on/off square waves (§2.2), amplifying the visibility of har-
monic fingerprints for detection.
(2) Filtering and Power-Line Noise Suppression. To capture
harmonic fingerprints, MetSentry samples the communication sig-
nal at 20 kHz, which is sufficient to preserve harmonics up to the
5th order of the 2 kHz square-wave modulation. We then apply a
low-pass filter with a 10 kHz cutoff to retain these relevant har-
monic components while discarding higher-frequency noise. To
further suppress interference, we add a band-stop filter (30–300
Hz) that removes ambient power-line noise at 50 Hz and its sev-
eral higher-order harmonics [12].
(3) Sensing Coil Array. This preprocessing is applied uniformly
to each sensing coil, generating three parallel streams of segmented
and filtered 𝑢𝑑𝑒𝑡 (𝑡) signals for the subsequent detection module.

4.2 Detection Module
Each preprocessed preamble segment 𝑥 serves as input to our for-
eign object detector, which we detail in this subsection. While the
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Figure 11: Our dual-branch Siamese detection model.

distinctive nature of harmonic fingerprints enables strong perfor-
mance with standard supervised learning (§6.2), we elevate accu-
racy further by tackling domain diversity through a specialized
contrastive learning framework [59].
(1) Domain Diversity. While foreign objects consistently induce
a clear trend of signal distortion, the precise extent of square-wave
distortion depends on object-related factors, such as material prop-
erties, position, and quantity, and device-related variables, like bat-
tery level and load dynamics. Ideally, comprehensive coverage of
object-present samples (i.e., scenarioswith foreign objects) would
address this diversity, but collecting such an exhaustive dataset is
impractical due to the infinite combinations of factors.

To mitigate this, we leverage an inherent asymmetry: object-
free samples (i.e., scenarios without foreign objects) can be sys-
tematically collected offline. This inspires our use of contrastive
learning to train a detector that maximizes inter-class distance be-
tween object-present and object-free samples while minimizing
intra-class variance within each group, yielding a model that gen-
eralizes robustly without exhaustive object-present data.
(2) Design.We assemble the object-free sample setD− = {𝑥−𝑖 }𝑁 −

𝑖=1
by randomly sampling 𝑁 − instances during offline wireless charg-
ing sessions without foreign objects. The object-present set D+ =
{𝑥+𝑗 }

𝑁 +
𝑗=1 comprises a limited collection of foreign object scenarios.

Each sample represents the preamble of one segmented packet.2
The complete training dataset is denoted as:

D = {⟨𝑝𝑖 , 0⟩ | 𝑝𝑖 ∈ P𝑖𝑛𝑡𝑟𝑎} ∪ {⟨𝑝 𝑗 , 1⟩ | 𝑝 𝑗 ∈ P𝑖𝑛𝑡𝑒𝑟 }, (12)
where P𝑖𝑛𝑡𝑟𝑎 = {(𝑥𝑎, 𝑥𝑏 ) | 𝑥𝑎, 𝑥𝑏 ∈ D−, 𝑎 ≠ 𝑏} represents sim-
ilar pairs (both object-free), and P𝑖𝑛𝑡𝑒𝑟 = D+ × D− denotes dis-
similar pairs (differing in foreign object presence). For P𝑖𝑛𝑡𝑟𝑎 , we
adopt an advanced pair selection strategy [59] prioritizing object-
free samples across varied device states (e.g., varied battery levels
and loads). This trains the detector to learn inherent commonali-
ties among object-free scenarios under diverse conditions, rather
than relying on inconsistent object-present sample similarities.

2.1) Detection model. We design a lightweight Siamese net-
work with twin branches sharing parameters 𝜃 to process input
pairs 𝑝 = (𝑥1, 𝑥2), where 𝑥1 and 𝑥2 are preambles from D. As illus-
trated in Figure 11, each branch 𝑓𝜃 (·) comprises four convolutional
layers succeeded by fully connected layers. For a given input pair
𝑝 = (𝑥1, 𝑥2), the network computes dissimilarity 𝑦 ∈ [0, 1] by:

𝑦 = tanh (∥ 𝑓𝜃 (𝑥1) − 𝑓𝜃 (𝑥2)∥2) , (13)
where𝑦 → 0 indicates similar states (i.e., no foreign object present).
We train the network using a modified contrastive loss plus a false
2Each sample contains three parallel instances from the three sensing coils, processed
identically. We omit coil indices for clarity.
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positive penalty:

L =
1
|D|

∑
⟨𝑝,𝑦⟩∈D

[
(1 − 𝑦)𝑦2 + 𝑦max(0,𝑚 − 𝑦)2

+ 𝜆(1 − 𝑦)max(0, 𝑦 − 𝜏)2
]
,

(14)

where margin 𝑚 separates dissimilar pairs, tolerance threshold 𝜏
controls similar pair boundaries, and 𝜆 weights the false positive
penalty term. They are empirically set to 0.8, 0.35, and 0.5 in Met-
Sentry, respectively. In §5, we collect a training dataset covering
a variety of charging conditions to improve the performance and
generaliability of the detection model, which will be further im-
proved by leveraging network architecture search for more suit-
able architectures and explicit user confirmation for run-time mo-
del parameter adaptation in the future.

2.2) Detection. For inference, the Siamese network compares
each test signal against a small reference setD𝑟 consisting of object-
free samples fromD− . In MetSentry, we apply 𝑘-means clustering
with 1% outlier removal to select 𝑛𝑟 = 3 representative samples
as reference templates. Upon receiving a new input 𝑥 , it is paired
with each of 𝑛𝑟 templates, and the average dissimilarity score de-
termines decision output: a foreign object is reported if the score
exceeds 0.5. Tomitigate transient false positive detections, MetSen-
try aggregates results from three consecutive detections to form a
detection cycle and confirms a metal foreign object only when all
yield positive outcomes. If a missed detection occurs in the cycle,
the next communication packet will automatically trigger a new
cycle of detection. In the future, we will explore adjusting the num-
ber of consecutive positive detections and the interval between
two detection cycles to further improve the detection performance.

5 Implementation
(1) Testbed.We build MetSentry’s sensing hardware using readily
available commercial off-the-shelf components, ensuring low cost
and ease of integration. Each sensing coil is fabricated as a 0.8 mm
wide copper trace on a 0.12 mm thick flexible printed circuit board
(FPC). As shown in Figure 12, the FPC incorporates multiple con-
centric coils with radii spanning 10–19 mm, harnessing spatial di-
versity (§3.1).3 For practical deployment, commercial chargers can
reserve a small portion of FPC space to integrate the sensing coils,
without adding extra FPC layers. Each coil connects to its own ex-
tractor circuit (Figure 7), including a BAT54s diode package con-
taining the main diode (𝐷) and the auxiliary diode (𝐷0) for dead-
zone removal, a capacitor (𝐶0 = 1 𝜇F) for signal amplification, and
an 𝑅𝐶 (𝑅 = 5.6 kΩ,𝐶 = 10 nF) for amplitude holder. We implement
a 20-kHz sampler to acquire sensing signals from the circuit. The
software pipeline, which encompasses data preprocessing and de-
tection, is developed in Python 3.11 using PyTorch and deployed
on a Raspberry Pi 4Model B.We assemble a comprehensive testbed
including a diverse set of wireless chargers (Tx), mobile devices
(Rx), and metal foreign objects, as illustrated in Figure 12:
• 14 chargers: Top-selling chargers on Amazon, including a) 13

Qi2-compatible units (10wireless chargers and 3 charging banks)
and b) 1 non-Qi2 charger (Google Pixel Stand).

3We fabricated four coils for benchmark evaluation, but MetSentry uses three by de-
fault based on the evaluation in §6.3.
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Figure 12: Our experimental setup for the evaluation.

• 5 phones: 4 Qi2-compatible models (iPhone 15 and 16, Samsung
Galaxy S26, HMD Skyline) and 1 non-Qi2 phone (Pixel 7 Pro).

• 11 objects: a) 3 IEC-specified standard foreign objects for safety
testing [63] (steel Disc, aluminum Foil, and aluminum Ring)
and b) 8 daily objects (Phone Ring, Coin, Button Battery, Key,
paper Clip, Safety Pin, SIM Ejector, contactless Chip cards).

(2) Data Collection. To train and evaluate MetSentry, we con-
struct training and testing datasets as follows.

Training dataset. Since different wireless charger designs ex-
hibit distinct characteristics, we train one detector per charger type
(i.e., brand/model) rather than per physical unit. This enables a
manufacturer to train a single detector for a given charger design
and deploy it across all units of that product line. For each type, we
collect training data and then test the resulting detector with var-
ied phones and objects for cross-domain validation. In total, we col-
lect 2K object-free samples and 2.4K object-present samples across
diverse charging conditions, achieving complete model training in
only eight hours on an RTX 4060 GPU.

For object-free samples, we systematically vary three key factors:
device model, device orientation relative to the charger, and phone
case presence (with or without). For each device, we record six data
traces under diverse conditions (i.e., four orientations and two case
states). Recording begins after Tx-Rx power negotiation and trans-
mission power ramp-up by the charger, with each trace lasting 30
seconds at a 20 kHz sampling rate.

For object-present samples, we employ only the three IEC-speci-
fied foreign objects (steel disc, aluminum foil, and aluminum ring)
for training since the detector needs to handle domain shifts dur-
ing testing (e.g., unseen objects). For each object, we record one
20-second trace in the center region and two 20-second traces at
different edge locations (10–20 mm from the center), with random-
ized device orientations for each session. This results in 9 positive
sample traces per Rx, and 36 traces per charger.4

Testing dataset. The testing dataset is collected only once to
evaluate all chargers. For negative samples, we mirror the training
data collection procedure but expand device states to include load
variations (standby/light/heavy), battery levels (low/medium/high),
device orientation (0–360°), and phone case presence (with/with-
out). For positive samples, we broaden to all 11 objects, consist-
ing of the three IEC-specified foreign objects plus eight unseen
daily objects, and position them at diverse locations throughout

4Given the limitations of commercial chargers in detectingmetal foreign objects, their
built-in mechanisms do not interfere, allowing uninterrupted positive sample collec-
tion at most cases.
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the charging zone with up to five-minute collection per trace, rig-
orously testing the system performance in the next section.

6 Evaluation
(1) Methods. We compare MetSentry with three methods:

MPLA: The Qi2 standard’s prescribed method [32], known as
MPP Power Loss Accounting (MPLA), which uses a linear fitting
model to estimate charging energy loss and reports a foreign object
once the estimated loss exceeds a predefined threshold, promptly
halting charging to mitigate risks.

DIF: A state-of-the-art anomaly detection method [57], Deep
Isolation Forest (DIF), that integrates isolation forest techniques
with deep representation learning. Trained on foreign-object-free
charging traces to learn normal electromagnetic patterns, it identi-
fies foreign objects by detecting deviations as anomalies, offering
a data-driven alternative to traditional thresholding.

CCI: A parameter estimation-based method [31] that uses the
charging-circuit Current Changes as an Indicator (CCI) and em-
ploys the current harmonics to guide the threshold setting, trigger-
ing detection when the current distortion drops below a threshold.

SENc: A baseline method that uses a surface temperature sensor
(a K-type thermocouple) placed on the charger surface for direct
temperature monitoring.

SENd: A sensor-based method that uses the smartphone’s tem-
perature sensor for detection. Since iOS restricts user access to
temperature sensors [1], we only test this method on Samsung
Galaxy S26 and HMD Skyline two Android phones. Smartphones
have built-in temperature protection mechanisms that limit charg-
ing power when the temperature exceeds a threshold (45 ◦C [13]
usually). We also use the same threshold for detection.
(2) Evaluation Metrics. We measure the effectiveness of each
method using threemainmetrics:Accuracy:The proportion of cases
where foreign objects are correctly detected before the temper-
ature of metal foreign objects reaches 70 ◦C (the safety thermal
threshold specified by IEC). False alarm rate (FAR): The rate of erro-
neous foreign object declarations when none is present. Detection
temperature: The foreign object’s surface temperature at detection
(or peak temperature if undetected), continuously monitored via a
K-type thermocouple (K-TC, Figure 12).

6.1 Overall Performance
We first benchmark the three methods on one of the most pop-
ular Qi2-compatible wireless chargers, NativeUnion [48], in this

subsection. We then extend the evaluation to the other 13 wireless
chargers in micro-benchmark evaluations in §6.3.

Accuracy. Figure 13(a) first evaluates detection accuracy on
IEC-specified safety-testing objects, which were included in the
training. Despite this familiarity, MPLA exhibits limited perfor-
mance, with accuracy below 25% across all devices. DIF offers mar-
ginal gains, as its anomaly detection struggles to extract task-critical
features for reliable detection. CCI achieves only modest accuracy
(60–62.3%), which is unreliable and suffers from similar issues as
the commercial method MPLA. SENc achieves moderate perfor-
mance, slightly better than SENd, with average detection accuracy
of approximately 50%. Because heat decays rapidly with distance
and device materials, such temperature-based sensors cannot re-
liably detect an external metal object. In contrast, MetSentry de-
livers much stronger results, outperforming MPLA by 75.9–82.3%,
DIF by 60.1–77.0%, CCI by 35.1–38.4%, SENc by 51.0–52.4%, and
SENd by 45.9–46.9%.

Figure 13(b) further evaluates each method on non-IEC daily
objects (entirely unseen during training). MPLA remains ineffec-
tive, with accuracy dropping close to zero. DIF maintains perfor-
mance comparable to that in Figure 13(a). CCI, SENc and SENd
show degraded performance, yet MetSentry excels, outperforming
MPLA by 93.0–95.1%, DIF by 62.0–67.7%, CCI by 42.9–46.5%, SENc
by 43.4–47.8%, and SENd by 44.5–48.7%.These results demonstrate
that MetSentry is effective in foreign object detection and general-
ization beyond the training dataset.

False alarm rate (FAR). FAR is measured in foreign-object-
free scenarios, eliminating distinctions between IEC and non-IEC
objects. As shown in Figure 14, MPLA achieves zero false alarms
through its conservative strategy, which prioritizes charging con-
tinuity at the expense of detection accuracy. SENc also achieves
zero false alarms, as any temperature reading exceeding 65 ◦C reli-
ably indicates a foreign object—normal smartphones do not reach
such temperatures during charging. The other baselines, however,
suffer from notable false alarms: DIF (16.2–25.3%) is sensitive to
normal charging variations and built-in metallic components; CCI
(8.2–12.8%), and SENd (2.5–9.6%) are susceptible to fluctuations in
device load and object position. In contrast, in addition to high ac-
curacy, MetSentry reports no false alarms in this experiment, vali-
dating the effectiveness of harmonic fingerprints in distinguishing
true threats from normal operations.

Detection temperature. Figure 15 reports the surface temper-
ature at which a foreign object is detected. For undetected cases,
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the peak temperature of each trace is recorded to quantify the as-
sociated safety risk. For IEC-specified foreign objects, Figure 15(a)
reveals that MetSentry detects consistently at much lower temper-
atures, with an average value of 32.8 ◦C, safely below the IEC’s
70 ◦C threshold. In contrast, all baselines fall short of this require-
ment, which have average detection temperatures that are 13.8–
40.4 ◦C higher than MetSentry, with large variance and peaks that
sometimes exceed 120 ◦C. Similar behavior appears for non-IEC ob-
jects in Figure 15(b), where MetSentry consistently detects objects
at much lower temperatures, offering a clear safety margin.

6.2 Ablation Study
To evaluate the effectiveness of MetSentry’s key designs, we per-
form an ablation study by systematically disabling one key design
at a time, leading to three system variants:
• 1) w/o-extractor: Omits the signal extractor (§3.1), forgoing

harmonic fingerprints and instead sampling the raw voltage di-
rectly from the sensing coil.

• 2) w/o-segmentation: Disables signal segmentation in prepro-
cessing (§4.1), replacing it with a fixed-length window of 250
samples.

• 3) w/o-siamese: Removes the contrastive learning module and
replaces the detector (§4.2) by a classic binary classifier using
the same backbone as a single Siamese branch without the false-
alarm penalty loss to output the detection result directly.
For comparison purposes, we also plot the performance of the

full MetSentry in Figure 16. The results show that without the har-
monic fingerprint from our signal extractor (“w/o-extractor”), ac-
curacy drops sharply to 37.1–49.4%, and FAR rises to 33.4–42.2%,
showing the importance of unique fingerprints for reliable detec-
tion. Retaining harmonic fingerprinting but lacking segmentation,
“w/o-segmentation” sustainsmoderate accuracy (86.7–93.4%) but
suffers unreliable outputs with FARs up to 58.7%. Finally, without
our contrastive learning-based detection design, “w/o-siamese”
degrades accuracy by 3.6–25.1% and increases FAR by 9.4–13.9%.
Collectively, Figure 16 demonstrates the usefulness and importance
of each technical design in MetSentry.

6.3 Micro-benchmarks
We further conductmicro-benchmark experiments to evaluateMet-
Sentry across varied charging scenarios.

Different chargers. To assessMetSentry’s adaptability, we eval-
uate it across a broad spectrum of chargers. Figure 17 presents

the accuracy and FAR results for seven additional wireless charg-
ers (Momax, Belkin, Zens, Anker, MeiZu, Baseus, and Benwis) and
three wireless charging banks (B-Anker, B-Momax, and B-Torras),
as depicted in Figure 12. We can see that MetSentry consistently
achieves high accuracy (90.5%–96.5%)while keeping low FAR (0.0%–
1.0%). These results demonstrate that MetSentry delivers reliable
detection across stationary wireless chargers and portable charg-
ing banks, regardless of hardware variations.

We further evaluate the generalization by testing MetSentry on
two additional units of two chargers (NativeUnion and Momax),
whose data is not used during training. As shown in Figure 18,
accuracy and FAR remain consistent across units, indicating that
the impact of unit diversity is small to MetSentry.

Number of sensing coils. We investigate the effect of sens-
ing coil count on detection efficacy by varying it from 1 to 4. As
shown in Figure 19, expanding coverage and enhancing spatial
diversity through sensing coil array dramatically boosts perfor-
mance, where accuracy increases from 38.2% with one coil to 95.7%
with three, while FAR drops from 23.6% to 0.3%. Adding a fourth
coil results in marginal declines, likely due to the detector’s model
capacity constraints in handling expanded features. Thus, MetSen-
try defaults to three sensing coils in our current development.

Device orientation. To examine the robustness of MetSentry
to phone placement orientations, we evaluate it at eight evenly
spaced angles (0°/45°/90°/135°/180°/225°/270°/315°). As shown in Fig-
ure 20, detection performance remains stable across all orienta-
tions, achieving an average accuracy of 95.7% and an average FAR
of 0.31%, indicating that device orientation has a minimal impact
on the detection performance of MetSentry.

Impact of mobile device states. To examine MetSentry’s re-
silience to dynamic mobile device conditions, we test three key
factors that may occur during charging: 1) battery level, 2) device
load,5 and 3) phone case presence. Specifically,
• Battery levels are grouped as low (0–35%), medium (35–70%),

and high (70–100%);
• Device loads are categorized as standby, light usage (e.g., chat-

ting or text browsing), and heavy usage (e.g., video recording,
gaming, or live streaming); and

• Phone case states encompass with (w/) and without (w/o) cases,
including both magnetic and non-magnetic variants.

5Different device loads require different power consumption, which in turn can
change the working current of the device and affect the coupling of wireless charging.
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.
Figure 21 shows that across battery levels, accuracy and FAR

of MetSentry remain stable, ranging from 94.4–96.8% and 0–0.4%,
respectively. A similar trend is observed under different device
loads, where performance does not degrade even under heavy us-
age. Phone cases pose a greater challenge since they affect the
charger-device coupling characteristics [19]. We evaluate four ca-
ses, including two non-magnetic ones (c1/c2) and two magnetic
ones (m1/m2), with the latter introducing additionalmagnetic path-
ways. The thicknesses of c1, c2, m1, and m2 are 1mm, 1.5mm,
1.8mm, and 2mm, respectively. MetSentry maintains good per-
formance, achieving 89–95.4% accuracy with 0.4–4.2% FAR. Mag-
netic cases with added shielding layers could cause more perfor-
mance degradation due to increased vertical separation between
the charger and the device, attenuating sensing features. In the fu-
ture, we will improve the performance under such phone cases by
jointly optimizing the sensing-coil layout and detectionmodel, and
by incorporating calibration or adaptation for more conditions.

Impact of foreign object characteristics. In this experiment,
we evaluate MetSentry under varying foreign object types, place-
ments, and in-case concealment. Figure 22 details the detection ac-
curacy for 11 objects, ordered by size from largest (left) to smallest
(right). In addition to MetSentry, we also show the performance

of CCI (performs best among all baselines without using an ex-
tra temperature sensor) and SENc (outperforms another tempera-
ture sensor-based method). Object size is an important factor to
affect the performance, where smaller objects tend to result in
lower detection accuracy, while other factors (besides the detec-
tion method itself) may further influence detection, including (1)
ferromagnetic materials (e.g., Coin and Disc), which intensify mag-
netic flux distortion, (2) larger planar conductors (e.g., Key), which
enhance eddy current coupling, and (3) hollow structures (e.g., Ri-
ng), which reduces coupling area and strength. Overall, the detec-
tion accuracies ofMetSentry, CCI, and SENc for 11 objects are 91.2–
99.6%, 91.2–99.6%, 21.4–77.2%, respectively.

The size of wireless charging area on the charger follows the
Qi protocol with a radius of 21.2 mm [51], and we evaluate the
impact of object position at 0, 5, 10, 15, and 20mm from the coil
center. Figure 23(a) shows that accuracy decreases gradually from
98.5% (center) to 91.3% (20mm) as electromagnetic coupling weak-
ens, yet even near the charger edge MetSentry still outperforms
all baselines. Figure 23(b) evaluates in-case concealment, where
small metal objects (SIM ejector and phone ring) are left inside
the phone case during charging.MetSentry detects these concealed
objects with 91.8–96% accuracy. These results collectively demon-
strate thatMetSentry is robust to variations in object type, position,
and concealment in real-world scenarios.

Non-Qi2 wireless charging. Proprietary chargers, for specific
smartphones, adhere toQi2 principles but incorporate custommod-
ifications for enhanced charging efficiency, often limiting compat-
ibility to paired devices. Remarkably, MetSentry enhances detec-
tion even in these specialized setups. In this experiment, we in-
tegrate MetSentry with the Google Pixel Stand for charging its
paired phone (Google Pixel 7 Pro), which supports a higher trans-
mission power of 23 W [16]. Figure 24(a) illustrates strong perfor-
mance across all object types, with accuracy ranging from 91.2–
99.6%, and average FAR below 4.2%. This extension beyond stan-
dard Qi2 ecosystems demonstrates MetSentry’s broad applicability
and potential to ensure safety in proprietary charging systems.

6.4 System Overhead
Energy overhead. We employ a Qi2 test module [47] as the re-
ceiver, which can stabilize received power at a fixed value (∼15 W)
for accurate measurements of charging power consumption. We
then use a power meter [2] to monitor the charger’s input power
with and without MetSentry, isolating any incremental draw at-
tributable to MetSentry. As illustrated in Figure 24(b), the added

558



MobiSys ’26, June 21–25, 2026, June 21–25, 2026, Cambridge, United Kingdom Shenyao Jiang, Yang Liu, Lixiang Han, Xinyu Wang, Hao Zhou, and Zhenjiang Li

PRing Foil Ring Coin Disc BBat Key Clip  SPin  Eject Chip
Object Types

 50

 75

  100

A
cc

ur
ac

y 
(%

)

96.7 97.8 92.7 97.9 98.5 97.8 98.5 94.7 93.8 92.1 92.5

(a)

Native
Union

Bel
kin

Zen
s

An
ker

Mo
max

Mei
Zu

Bas
eus

Ben
wis

Google
Stand

Different Chargers

0

0.04

0.08

En
er

gy
 C

os
t (

W
)

0.03 0.04 0.03 0.03 0.02 0.02
0.04

0.01
0.04 (b)
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overhead across each charger.

power consumption ranges from just 0.01–0.04 W, corresponding
to a negligible 0.6–2.6‰ increase across various wireless chargers.

Memory and latency overhead. We evaluate MetSentry’s me-
mory and latency on a Raspberry Pi 4, where our lightweight soft-
ware pipeline consumes only 8.3 MB of memory. Within a 300-ms
buffer (default configuration in MetSentry), there are typically 1–3
packets. Segmentation takes 64.9 ms, and inference (batch process-
ing across three sensing coils) takes 49.7 ms per packet, resulting
in a total processing time of 114.6–214.9 ms.The processing is light-
weight and can be completed before the signal fills the next buffer.

6.5 Deployment Cost Discussion
Finally, we discuss the hardware and software costs of the current
MetSentry design when it is integrated into wireless chargers.

Hardware cost. The additional hardware includes a sensing
coil array (copper traces on a flexible PCB) and an extraction cir-
cuit (diode, capacitors, and resistors), totaling approximately $5
per unit in our prototype. For production, the sensing coils can
be integrated into the charger’s existing PCB layout or fabricated
on a thin FPC layer, with cost reductions expected at scale. Note
that no modification to mobile devices is required.

Software cost. The detector software runs on the processor of
thewireless charger. For embedded deployment, the detectormodel
(∼52,890 parameters) requires only ∼1.84M multiply-accumulate
operations per detection, with a peak memory of about 230 KB
in float32, which is feasible on MCUs such as the STM32H7 se-
ries (480 MHz, 1 MB RAM). With int8/int16 quantization, memory
reduces to 64–115 KB, fitting even lower-cost MCUs with 512 KB
SRAMat less than 1Wpower consumption.Wewill integrate prun-
ing and quantization into MetSentry in future work of this paper.

7 Related Work
Foreign object detection for mobiles. Existing detection meth-
ods primarily track electrical parameters of wireless charging sys-
tems that metal foreign objects can influence, such as circuit volt-
age [38], resonance frequency [21], current [26], and signal qual-
ity indicator [14]. However, these threshold-based approaches are
highly susceptible to misalignment between the charger and mo-
bile device [15, 33]. A recent work [31] uses the current changes
in the charging circuit as an indicator and adopts the current har-
monics to guide the threshold setting, which still belongs to the
existing threshold-based methods and has their inherent limita-
tions (§6). To address this, the latest Qi2 protocol employs mag-
nets for precise alignment [10, 20]. Earlier commercial solutions

inject pulse signals and monitor their oscillation decays [27], but
these are limited to open-circuit conditions and fail to provide con-
tinuous monitoring during charging [14]. Therefore, the dominant
approach today monitors energy loss [32]. Yet, energy loss can be
affected by many factors related to devices, metal objects, and en-
vironments, which is challenging to quantify in practice [64]. In
contrast, MetSentry explores a unique fingerprint of metal foreign
objects without knowing device- or object-specific parameters.
Wireless charging in other scenarios. Beyond mobiles, wire-
less charging is increasingly adopted for high-power applications
in autonomous systems like robots, drones, and electric vehicles,
which often involve larger air gaps [7, 43]. In these charging sys-
tems, metal foreign object detection is equally vital for safety. Un-
like the inductive coupling used in mobile phones, which demands
close proximity for efficiency [22], these systems employ resonant
coupling to accommodate greater separation between charger and
device [42]. As a result, detection methods in these domains often
rely on specialized sensors, such as thermal imaging [45] or hyper-
spectral cameras [46] to detect temperature anomalies from eddy
currents and wave-based techniques [3, 11] using modulated elec-
tromagnetic waves for metallic object detection. Other approaches
deploy auxiliary sensors to monitor coupling strength variations
caused by foreign objects [44, 53]. However, these methods de-
mand bulky hardware and large air gaps between transmitter and
receiver, making them unsuitable for mobile wireless charging.
Assorted sensing and learning technologies. Recent research
has harnessed electromagnetic field signals for human-related sens-
ing [5, 18] and uncovering security flaws in wireless systems [28,
58, 61]. Electromagnetic signals have also been utilized for localiza-
tion [29, 54] and communication [37]. The harmonic fingerprints
that MetSentry exploits for foreign object detection remain unex-
plored, yet our analysis and processing of wireless charging signals
may help further improve these designs. In addition, prior works
have successfully applied classificationmodels [4, 49, 55] and learn-
ing techniques [36, 56, 59] for sensing tasks.MetSentry builds upon
these advancements by designing a streamlined architecture that
achieves reliable generalization without extensive training data.

8 Conclusion
This paper presents MetSentry, a novel co-designed solution of
hardware and software that achieves reliable metal foreign object
detection in mobile wireless charging. By exploiting the key ob-
servation that metal foreign objects disproportionately attenuate
high-frequency harmonics, i.e., effectively acting as a low-pass fil-
ter on electromagnetic field signals, MetSentry captures this finger-
print for reliable metal foreign object detection in wireless charg-
ing. Extensive evaluations across diverse chargers, smartphones,
and foreign objects demonstrate that MetSentry significantly out-
performs existing built-in and state-of-the-art methods.
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