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ABSTRACT
Human external biofluid (e.g., sweat, urine) contains vast
health data that is readily harvestable. Currently, wearable
sweat sensors require an electrochemical-based approach
that is used in single use, creating environmental pollution as
people track their exercise in the wild. Moreover, such solu-
tion relies on a battery-powered design, which brings battery
health and thermal related issues. We presentMetaBioLiq,
a 3D printed wireless-readable sweat sensing system that
offers continuous monitoring, featuring completely passive,
environmentally friendly, and easily accessible.MetaBioLiq
is developed upon sweat liquid’s resonance upon high fre-
quency RF interaction, with different sweat content driving
RF resonance characteristics. To activate such resonance, we
design 3D PolyLactic Acid (PLA) structures that capture e-
field energy from the air, and tunneling it to the sweat. Once
the resonance effect occurs, we analyze return signal from
a wireless RF receiver to decouple the sweat’s resonance.
Lastly, we evaluate MetaBioLiq’s performance with 24 ar-
tificial sweat samples containing different levels of glucose,
electrolytes, and fat.MetaBioLiq proves its effectiveness with
95% liquid level detection performance, and 96% sweat liquid
identification performance. We further investigateMetaBi-
oLiq’s robustness and reliability, as well as limitations. Over-
all,MetaBioLiq shows promising results to expand the realm
of mobile continuous sensing to microscopic realm untangi-
ble in the past.
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1 INTRODUCTION
Human sweat has been extensively studied as a noninva-
sive biomarker[33], health indicator, and forensic evidence
[59] for a long history. Past research has shown that even a
slight level of dehydration can introduce cardiorespiratory
stress, compromise thermoregulation, and significantly alter
physical / cognitive performance, further initiating a cas-
cade of physiological changes [5]. With increasing efforts in
sweat sensor technologies, the wearable sweat sensor mar-
ket is projected to reach 3 billion USD by 2030 [42]. Existing
sweat/biofluid sensing platforms depend on electrochemical
[5] or chemochromic (visual) patches [64] for measurements
and an external wireless module for communication. Such
techniques require patch/battery replacement, which fails
continuous monitoring, restricts user mobility, and increases
cost [5]. With such limitations, analytic applications, such
as continuous sleep/athletic monitoring, are hampered.

Figure 1: MetaBioLiq, a wearable 3D-printed metasur-
face aided mmWave sensing platform, that unlocks
human biofluid information with microliters of sam-
ple fluid such as human sweat.
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Microliters of sweat fluid have an insignificant presence in
radar reflection at a remote distance. Existing wearable sweat
sensors are based on electrochemical properties for quantity
and content analysis [24]. They face two main challenges
in usability, i) periodic electrode replacement / patch and ii)
power supply for electrode readings, processing, and wire-
less communication. Upon contact, either chemo-sensistive
material alters electrical resistance or electrodes sense liquid
impedance upon the presence of various sweat content at
different levels (e.g. water, electrolyte, fat, etc.). However,
such a technique requires a liquid flow design that fixes the
channel quantity, replaces the complete electrode patch upon
single use, and attaches wireless communication in mobile
use cases, making the power supply an inevitable challenge.
On the other hand, chemochromic sensors [64] are often
made into single-use camera-ready patches that change vis-
ible color upon contact with different concentrations of a
certain sweat substance (e.g., electrolyte for pH strip). Such
a technique makes continuous measurement nearly impossi-
ble. Given the importance of sweat analytics to healthcare,
it is of key interest for future healthcare system to come up
with a well-rounded solution that eliminates usability issues.

To this end, we presentMetaBioLiq, a fully passive, con-
tinuous, and wearable biofluid sensing system based on a
3D printed metasurface. The overall idea is illustrated in Fig.
1. Lacking radar reflection strength, we apply a wearable
metasurface to amplify the reflection signal from microliters
of sweat fluid. By altering a block of PolyLactic Acid (PLA)
material’s 3D printing parameters and geometric shape, it
can serve as a mmWave microscope at remote distance that
resonates with a thin layer of liquid in contact. With a skin-
fitting metasurface design that resonates with the liquid
content inside the designed cavity, the metasurface can tell
how much sweat is present, as well as the content of the liq-
uid. Given the mmWave radar’s ability to accurately localize
the metasurface and continuous extract sweat’s spectrum
pattern, we can now monitor a person’s sweat continuously
over a long period of time and advise interventions accord-
ingly.
To achieve MetaBioLiq, we must first solve the follow-

ing challenges: (1) Sweat Radar Cross Section (RCS). Human
sweat on the skin is only millimeter thick. Compared to
skin reflection, its mere presence is hardly identifiable. To
sufficiently distinguish sweat reflection from surrounding
reflection, we utilize a sweat impedance-matched metasur-
face at a mmWave frequency that is sufficiently tall to make
the whole structure easily distinguishable. Using a mmWave
radar that sends FMCW chirps as remote query device, we
ensure that the structure’s height sufficiently stands out ver-
sus the surrounding, resulting in a fully passive sweat sensor
tag that resonates with sweat liquid. (2) Sweat Signal to In-
terference/Noise Ratio (SINR). From a unit volume of sweat

per skin surface area over a given time measurement, only
microliters of sweat can be collected from a square inch
of skin in one hour, assuming that the average number of
sweat glands under the skin functions normally [73]. This
tiny volume has resulted in commercial-off-the-shelf (COTS)
wireless sweat sensor solutions to set an enormous startup
time until the sweat reservoir is completely full (e.g., 45 min-
utes [48]). In addition, sweat must be isolated from the skin
to decouple any interference. Not to mention that sweat is
99% water and only 1% remaining substance, with salt and
fat being the dominant elements [43]. To improve the SINR
in sensing microliters of sweat, we optimize our metasur-
face to resonate with a tiny amount of sweat inside an open
cavity with maximum focus on the sweat layer only, and
minimize the impact of skin layer. We then explore sweat
content variation impact to radar reflection pattern based on
different solute’s impact on dielectric parameter change, re-
sulting in frequency domain features under radar inspection.
(3) Radar Handicap. COTS mmWave radar as a emerging
sensing modality offers high frequency and multi-GHz band-
width to encapsulate sweat resonance with higher dynamic
range. However, COTS Frequency Modulated Continuous
Wave (FMCW) mmWave radar’s amplitude reading is in-
tegral throughout its bandwidth, making the sweat query
result more complicated than our desired output. To recover
mmWave band frequency domain information, we model
the end-to-end RF signal-to-sweat interaction following the
Cole-Cole model [35], and design a calibration scheme that
brings the ADC sampled data one step closer to the mmWave
band spectrum. We then verify that the calibration result
would match the simulated result. (4) User Dependence. Each
person’s habit is different, given an open cavity design, dif-
ferent users wearing the same metasurface can experience
frequency drift due to skin occupying some of the liquid
cavity space. Thus, we design a one-time soft calibration
procedure that enrolls each user’s unique pattern to better
bring recovered mmWave spectrum closer to model result.
After solving these problems, we prototype the sweat

sensor metasurface in the form factor similar to a COTS
smart watch (L×W×H: 40×40×27 mm). A single sensor costs
around $1, and takes around 3 hours to 3D print. We have
conducted experiments in real-world setup where the sen-
sor is placed on human subjects. We utilize artificial sweat
that mimics human sweat content’s saline, glucose, and lipid
concentration [46, 47, 62]. MetaBioLiq’s end-to-end system
achieves 95% accuracy in sweat rate detection and 96% accu-
racy in sweat content classification performance. In addition,
the performance of MetaBioLiq is maintained above 90%
in various stress tests where the distance and angle vary to
1.5m and ±28°, respectively.

To this end, we present the following contributions in this
work:
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System Sensing Modality/BW Volume Capability Distance Remote Setup
LiqRay [57] RF/900𝑀ℎ𝑧 ≥ 100𝑚𝐿 8 Liquid ≤ 1𝑚 ✓
TagScan [66] RFID/4𝑀𝐻𝑧 ∼ 100𝑚𝐿 10 Liquid 4.5m ✓
WiMi [22] WiFi CSI/20𝑀𝐻𝑧 ∼ 1800𝑚𝐿 10 Liquid 3 m ✓

Vi-Liquid [29] Vibration/1.6𝑘𝐻𝑧 ∼ 250𝑚𝐿 30 Liquid Contact Contact
LiquID [18] UWB/1𝐺𝐻𝑧 ∼ 2736𝑚𝐿 33 Liquid ≤ 1𝑚 ✓

Akte-LiquID [61] Ultrasound/6𝑘𝐻𝑧 100𝑚𝐿 20 Liquid ≤ 15𝑐𝑚 Short range
FG-LiquID [40] mmWave/2.16𝐺𝐻𝑧 350𝑚𝐿 30 Liquid 2 m ✓
LiqDetector [67] mmWave/4𝐺ℎ𝑧 ≥ 200𝑚𝐿 6 Liquid 50 cm ✓
BioScatter [32] WiFi + Electrode/∼ 15𝑚𝐿 Artificial Sweat 2 m Patch

Wired Resonator [15] VNA/12𝑀ℎ𝑧 10𝑚𝐿 Artificial Sweat Contact Waveguide + Resonator
MetaBioLiq mmWave/5.5GHz 0.67 mL Artificial Sweat 1.5 m Radar + Metasurface

Table 1:MetaBioLiq compared with existing liquid sensing and sweat sensing work

• We design a continuous wireless sweat monitoring
system via fully passive mmWave metasurface capable
of characterizing milliliters of sweat.

• We design and fabricate the metasurface using 3D
printed PLA material on COTS 3D printers.

• We turn mmWave radar into a pseudo vector network
analyzer to infer sweat frequency response remotely.

• We develop corresponding signal processing and deci-
sion algorithm for sweat content extraction.

• We conduct extensive evaluation on feasibility, usabil-
ity, and robustness of the sweat sensing system.

2 RELATEDWORKS
2.1 Wireless Liquid/Sweat Sensing
Existing wireless liquid and sweating sensing literature can
be categorized into two classes, i) radio path loss-based [18,
22, 57, 66] and ii) electrode sensor with wireless communica-
tion module [11, 32]. acoustic[61], tactile[29], resonator[15]
modals are often contact-based or short in range. Certain
reflection-based sensing modalities also use mmWave signals
[40, 67, 69], but they are constrained by a large volume of
liquid body (i.e., hundreds of milliliters), which is nowhere
close to the realistic volume of human sweat. Some even
require the addition of a bulky Fresnel lens mounted on the
radar to focus RF energy in a very constrained scenario [28].
Using such systems in sweat sensing, the signal from the
presence of a liquid and its liquid content is heavily buried
with background noise from the human arm or body, mak-
ing it inseparable for deterministic conclusions. As shown
in Table 1, all existing systems focus on large volumes of
liquid that are impractical for sweat quantity, and most of
them are far from revealing subtle differences in liquid con-
tent.MetaBioLiq is the first wireless liquid/sweating sensing
work that pushes wireless liquid sensing to the microliter
level using a mmWave metasurface.

2.2 Wireless Health Monitoring
During the past decade, wireless health monitoring appli-
cation have been widely explored. From macromotion for
elder fall detection [65], human activity recognition [72],
vital sign monitoring [26], to emotion recognition [76], and
disease prediction [75]. Motion and acoustic channels have
enabled many wireless health monitoring use cases. To date,
MetaBioLiq is the first paper to exploit completely passive
wireless biofluid sensing using a mmWave metasurface.

2.3 3D Printed Biosensors
With increasing accessibility of the COTS 3D printer, it is
nowwidely used to rapidly prototype dielectric metasurfaces
[51] and even biocompatible sensors. Commonly, 3D printed
devices in health applications serve as adapters/stent/support
devices in wearable [34], earable [17], or rehab [74] settings.
The growing development of 3D printers has nurtured new
capabilities of 3D printed devices to replace pressure, stress,
and tactile sensors in biomedical applications [1, 58]. Some
work also designed casings to better facilitate sweat elec-
trodes [37].MetaBioLiq is the first work to achieve a com-
pletely passive wireless sweat biosensor using a mmWave
metasurface.

3 PRELIMINARY
3.1 Sweat RF Sensing
Human sweat from the single largest organ (i.e., skin) occurs
spontaneously, and involves highly dynamic physiological
change [10]. In the process of sweating, a variety of nutri-
ents are released (e.g., electrolytes, glucose, fat, hormone)
along with 99 % of water that form the general definition of
sweat liquid [43]. With sweat being 99% water, water prop-
erty is dominant under radio frequency observation, setting
a baseline for sweat content properties. When adding an
electrolyte sweat concentration to a water sample, its RF
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dielectric conductivity increases and its relative permittiv-
ity decreases, causing a uniquely distinguishable signature
under RF interrogation [21, 23]. Similarly, glucose [41, 73]
and fat molecules [77] in aqueous solution exhibit their own
pattern. With different concentrations of each substance in
a sweat sample, its sweat signature under RF interaction
reflects its content detail, as shown in Fig. 2.

mmWave sensing technology has now shown its high fre-
quency strength with high directionality, high bandwidth,
and low latency characteristics. It has empowered diverse
applications such as remote human localization, object track-
ing, and micromotion capture [56, 63, 68, 71]. Compared to
low-frequency RF modalities such as WiFi [22], UWB[18],
acoustic[40], or RFID [66], mmWave’s high frequency stands
out with the capability to focus on a small sweat sample
and extract fine-grained information with minimal setup
requirement.
However, a major challenge for remote mmWave sweat

sensing is that sweat is released in tiny volumes over a long
period of time (e.g., hundreds of microliters per square inch
per hour) [14, 25]. Making remote sensing nearly impossible
without the aid of a zooming tool. As shown in Fig. 3, liq-
uid that is drastically different in dielectric constant shows
nearly identical reflection amplitude and phase within the
60 GHzmmWave band. For the COTS device [48], 45 minutes
of rigorous exercise are needed before the electrode sweat
sensor receives meaningful readings.
Hypothesis: Given a wearable mmWave microscope that
focuses on sweat, mmWave sensing device can remotely
query the microscope and decode the biofluid information.
Different sweat content creates a distinct and persistent RF
signature with a sufficient SINR that distinguishes itself from
a noisy background (e.g., skin). Overall, a human subject
wearing a mmWave microscope can provide continuous sweat
rate and content information, based on the signature reflected
from the microscope to a remote querying device.

3.2 Viewing Sweat Under RF Microscope
We first explore the RF behavior of sweat by modeling it as a
thin layer of water, as shown in Fig. 4. When the wavefront
of a single-tone electromagnetic wave enters a thin layer of
water from the air, several interactions occur. The air-water
interface causes part of the energy to reflect; after the wave
enters the water layer at certain angles, following Snell’s
law, water itself absorbs that energy like a capacitor, and if

Figure 2: Modeling sweat with RF signal.

Figure 3: Reflection signal without metasurface. Both
amplitude and phase doesn’t show significant change
despite large variation in liquid content (𝜖 = 9-60).

the layer is thin enough, the remaining energy then passes
through.

Based on the liquid dielectric characteristics, we canmodel
its distinct relaxation process using Cole-Cole model [12]:

𝜖 (𝜔) = 𝜖∞ + (𝜖 − 𝜖∞)
𝑛∑︁
𝑗=1

𝑔 𝑗

[1 + (𝑖𝜔𝜏 𝑗 )]

𝑔 𝑗 =
𝜖 𝑗 − 𝜖∞𝑗

𝜖 − 𝜖∞
; 𝜖∞𝑗 = 𝜖 𝑗+1; 𝜖1 = 𝜖 ; 𝜖∞𝑛 = 𝜖∞

(1)

where 𝜖 (𝜔) is the frequency dependent liquid permittivity,
𝜔 is the frequency, 𝑛 is the number of separable dispersion
steps 𝑗 of relaxation time 𝜏 𝑗 , dispersion amplitude 𝜖 𝑗 − 𝜖∞𝑗

and weight 𝑔 𝑗 .
Which leads to a wrapped reflection model: [27, 45]:

𝑍 (𝜔) = 1
𝑖𝜔𝜖0𝜖 (𝜔)𝐷

Γ(𝜔) = 𝑍 (𝜔) − 𝑍0 (𝜔)
𝑍 (𝜔) + 𝑍0 (𝜔)

(2)

where 𝑍 (𝜔) is the frequency dependent impedance of liquid
sample, and 𝑍0 (𝜔) is the RF probe’s impedance.

As shown in Fig. 5, a vector network analyzer (VNA) S11
plot clearly indicates the similarity (e.g., salt solution 1 vs.
salt solution 2) and difference (e.g., salt solution 1 vs. sugar
solution 1) between various solutions. To summarize the
model, the reflection properties of sweat liquid exhibit a
pattern that is dependent on frequency, and its amplitude
and phase information carry details about solutes, such as
the level of salinity, glucose level and fat content.

3.3 Proof-of-Concept
To validate the above Cole-Cole model, we 3D print a liquid
cavity that holds liquid to be examined under a mmWave
VNA [3]. The VNA sends planar waves to the surface of
the liquid and records S11 reflection over a 10 GHz band-
width centered at 60 GHz mmWave band. As shown in Fig.
5, both amplitude and phase patterns are analyzed for inter-
and intra-group analysis. With air representing empty cav-
ity baseline, salt solution vs glucose solution’s pattern is
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Figure 4: Cole-Cole model with 3D printed PLA block
holding liquid under VNA inspection. Two waveg-
uide(WG) seal the PLA block to measure accurately.

uniquely distinguishable across multiple mini frequency
bands. In addition, such signature is consistent across reading
with salt solution 1 vs. salt solution 2 being nearly identical,
and the same applies to glucose solution intra-group com-
parison. In summary, under mmWave inspection, both am-
plitude and phase characteristics are deterministic, unique,
and persistent for each type of aqueous solution under close
observation.

4 METABIOLIQ SYSTEM OVERVIEW
We describe the major components that achieve a 3D printed
metasurface aided mmWave sensing platform for biofluid
sensing; the flow chart of the system is shown in Fig. 6.
Turning radar into network analyzer:MetaBioLiq adopts
a miniaturized mmWave radar that is smartphone integrat-
able to query sweat’s content. After receiving the ADC sam-
ples from the radar baseband, we perform signal processing
techniques such as noise reduction, signal boosting, and
baseband-RF mapping via an adaptive calibration scheme.
The calibrated signal in the frequency domain then under-
goes a feature extraction and classification algorithm to infer
the liquid level inside the cavity, as well as sweat content.

Figure 5: VNA measurement of different liquid under
behind PLA block shown in Fig. 4. Both the magnitude
and phase components show significant difference at
multiple regions of interest. Box A and B are from
amplitude plot, box C and D are from phase plot.

Metasurface design and fabrication: Given sweat’s fluid
nature, we design a liquid cavity with PLA material’s hy-
drophic [20] surface to contact sweat directly under the meta-
surface. To better work with our mmWave radar, we first
optimize the 3D geometry of the metasurface to shift the
frequency of interest to the radar bandwidth. Then, we fine-
tune the metasurface to focus on changes in the sweat layer,
and become immune to the skin layer.

5 METASURFACE DESIGN
5.1 Dielectric Modeling
TheMetaBioLiq metasurface consists of multiple layers of
PLA material with variable filling factor. Compared with a
single block of material, multi-layer design enables flexible
manipulation of frequency selective equivalent dielectric
permittivity 𝜖𝑥 (𝜔) calculation [53] as follows:

𝜖𝑥 (𝜔) = 𝑓 𝜖𝑎𝑖𝑟 (𝜔) + (1 − 𝑓 )𝜖𝑃𝐿𝐴 (𝜔), (3)
where (1 − 𝑓 ) is the ratio that PLA material occupies in the
modulating layer, 𝑓 is the filling factor for air. Multiple lay-
ers of PLA separated by fixed design spacer form a uniform
structure that matches impedance of input and output mate-
rial, which is air and sweat liquid, respectively. Such variable
enables efficient tuning and prototyping of the metasurface.
A graphical demonstration is shown in Fig. 7.

Based on the above closed form equivalent permittivity
model for a single modulating layer, we can further develop
the closed form transfer matrix model for the entire meta-
surface structure [53] as follows:

𝑀𝑡 =

𝑁∏
𝑖=1

𝑀
𝑙𝑎𝑦𝑒𝑟

𝑖
×𝑀

𝑠𝑝𝑎𝑐𝑒𝑟

𝑖
(4)

where𝑀𝑙𝑎𝑦𝑒𝑟

𝑖
, and𝑀𝑠𝑝𝑎𝑐𝑒𝑟

𝑖
are the modulating layer matrix,

and spacer matrix, respectively.
The overall matrices for the modulating layer and spacer

layers[52] are calculated using:
𝑀𝑙𝑎𝑦𝑒𝑟 = 𝑀1

𝑖𝑛𝑡𝑒𝑟𝑀𝑑𝑒𝑙𝑎𝑦𝑀
2
𝑖𝑛𝑡𝑒𝑟 (5)

𝑀𝑑𝑒𝑙𝑎𝑦 =
∑︁
𝑥

[
𝑒 𝑗𝛽0𝑑

√
𝜖𝑥 0

0 𝑒− 𝑗𝛽0𝑑
√
𝜖𝑥

]
;𝑀𝑖𝑛𝑡𝑒𝑟 =

∑︁
𝑥

1
𝑇𝑥

where𝑀𝑖𝑛𝑡𝑒𝑟 ,𝑀𝑑𝑒𝑙𝑎𝑦 ,𝑑 , and𝑇𝑥 are the interfacematrix, phase
delay through the layer, thickness of the layer, and Fresnel co-
efficient, respectively. Using Fresnel coefficients andMaxwell
continuity equations for each medium [60], the output model
should accurately describe the overall modulation in inci-
dental wave.

Based on this model, we develop an optimizer that outputs
geometric parameters that resonate best with a given inci-
dent frequency and layer number. To verify the MetaBioLiq
metasurface optimizer, we fabricate a sample model. We first
test different sizes of the metasurface that relate to the radar
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Figure 6: MetaBioLiq platform comprises 3D printed wearable metasurface, mmWave radar, sweat feature extrac-
tion, sweat content identification, and analysis feedback modules.

Figure 7: Transfer Matrix Model

cross section, and empirically verified a 3 x 3 cm cross section
showing strong enough signal against background. More de-
tails for size determination are given in Sec. 9.3.1. Next, we
utilize radar’s 5.5 GHz bandwidth to calculate the physical
range resolution, which is 2.7 cm. Thus, we set our metasur-
face’s initial thickness to 2.7cm, which helps when isolating
metasurface reflection against background reflection (e.g.,
skin/body). As shown in Fig. 8, the multilayered structure
shows a better resonance effect at a given frequency com-
pared to a single block of material It is worth mentioning
that the 4-layer design ceils the resonance effect in simulated
S11 reflection plot, and the geometry for each layer’s PLA
internal structure in shown in Fig. 8(a).
We further explore the sensitivity of the generated meta-

surface to the sweat content. In high frequency structural

(a) Solid vs Layered design (b) 4 layer design is optimal

Figure 8: Metasurface design from a block of PLA ma-
terial to layered geometric structure.

simulator (HFSS), we accurately model the geometry of opti-
mizer generated metasurface, as well as dielectric parameters
for human tissue [70]. We suppose that the metasurface is
placed on the wrist like a watch, and model the skin [30] to
be 3mm with the deeper tissue empirically being bone struc-
ture. Generally, sweat covers the skin surface and mmWave
hardly penetrate 1mm into the skin due to the attenuation of
the moisture content and permittivity delta [7]. For the sweat
content, we first model it as pure water [44] with 𝜖 = 10, and
alter its dielectric constant with various order of magnitudes
to simulate different levels of solute content [23]. As shown
in Fig. 9, a change of Δ𝜖 = 0.1 will signify noticeable fre-
quency shift in multiple regions of interest, while a smaller
Δ𝜖 is nearly identical to pure water.

Figure 9: Metasurface sensitivity to liquid dielectric
constant change. 𝜖 delta of (10,1,0.1,0.001,0.0001) from
pure water of ∼10 at 60 GHz [44] at room temperature.
A delta of 0.1 is considered significant given relative
ratio to purewater at two frequencies is distinguishable
at frequency spot A and spot B.

5.2 Optimizing the Metasurface Structure
To this stage, the metasurface can effectively capture the
dielectric change in the sweat layer; however, the dynamic
nature of human skin must be taken into account. We further
optimize the model to become immune to the skin layer.
Based on the previous optimization model [53, 53], we can
maximize sensitivity to the sweat layer and minimize the



MetaBioLiq ACM MobiCom ’24, November 18–22, 2024, Washington D.C., DC, USA

Figure 10: HFSS electric field plot heat map that represents response strength across air, metasurface, sweat, skin,
and bone/deeper tissue(DT) layers. Sweat layer’s response is significantly stronger than the skin, making the
reflection response immune to skin’s change.

sensitivity toward skin layer [60]. The optimizer calculates
the cost of the design for and iterates until the cost function
converges given the modulation criteria is met for each layer.
The cost function is as follows:

𝑐𝑜𝑠𝑡 (𝜔) =
∑︁
1,2

|𝑆𝑥𝑥 (𝜔) | + |𝑆21 (𝜔) − 𝑆21𝑑 (𝜔) | (6)

where 𝑆𝑥𝑥 can be substituted with 𝑆11 and 𝑆22 as reflection
S-parameters from the top and bottom port of incidence, re-
spectively. 𝑆𝑥𝑦𝑑 ,𝜙𝑑 are the desired propagation S-parameters,
and the desired phase shift. As shown in Fig. 10, the result-
ing model’s sweat layer response is significantly stronger
than the skin layer as the signal diminishes after the sweat
layer. This substantiates the effectiveness of MetaBioLiq
metasurface resonating with sweat layer. This aligns with
previous research findings that mmWave dosimetry on skin
is minimal [7].

6 TURNING RADAR INTO NETWORK
ANALYZER

At this point, themetasurface that captures and reflects sweat
content inmmWave band, we apply hardware limitations of a
COTS FMCWmmWave radar and decode sweat information
from radar’s baseband ADC sample.

6.1 Range Binning
FMCW mmWave radar compares the frequency shift of re-
ceived (RX) chirps to that of transmitted (TX) chirps 𝑥 (𝑡)
in time domain [28]. This frequency shift is directly propor-
tional to the time delay 𝜏 between the TX and RX signals,
which is a measure of the round-trip distance 2𝑅.

𝑥 (𝑡) = 𝐴0𝑒
𝑗 (𝜔 (𝑡 )∗𝑡+𝜃0 )

𝜏 =
2𝑅
𝑐
;𝜔 (𝑡) = 𝜔0 +

𝐵

𝑡𝑐
𝑡

(7)

where 𝐴0 is the transmitted power amplitude, 𝜔 (𝑡) is TX
chirp’s representation in frequency domain, 𝐵 is the total

bandwidth and 𝜃0 is the initial phase offset. We can then
rewrite the TX chirp in the frequency domain as:

𝑥 (𝑤) = 𝐴0𝑒
𝑗 (𝜔 (𝑡 )2 𝑡𝑐

𝐵
−𝜔 (𝑡 )𝜔0

𝑡𝑐
𝐵
+𝜃0 ) (8)

where 𝑡𝑐 is the chirp duration, and 𝑥 (𝑤) is the conjugate of
𝑥 (𝑤). The RX side signal before mixing 𝑦′ (𝑤) and after mix-
ing 𝑧 (𝑤) with conjugate of TX signal 𝑥 (𝑤) can be modeled
as [28]:

𝑦′ (𝑤) = 𝐴0

inf∑︁
𝑛=0

𝑎𝑛𝑒
−2𝑛𝜔𝐶1𝑒− 𝑗 (2𝑛𝜔𝐶2−𝜔 (𝑡 )2 𝑡𝑐

𝐵
+𝜔 (𝑡 )𝜔0

𝑡𝑐
𝐵
+𝜔𝜏−𝜃0 )

𝑧 (𝑤) = 𝐴2
0

inf∑︁
𝑛=0

𝑎𝑛𝑒
−2𝜔𝐶1𝑒− 𝑗 (2𝑛𝜔𝐶2+𝜔𝜏 )

𝐶1 =

√
𝜖𝑟 𝑡𝑎𝑛(𝛿) ∗ 𝑑

2𝑐 ;𝐶2 =

√
𝜖𝑟 ∗ 𝑑
𝑐

(9)
where d is the distance/thickness into material. 𝑛 is the num-
ber of reflection occurrences within the material. Although
a larger 𝑛 represents more accurate modeling, the signal en-
ergy quickly approaches zero with 𝑛 greater than 3. When
ADC samples the mixed signal,

𝑅(𝜏) =
𝜏𝑅𝑋 0+𝑡𝑐∑︁
𝑡=𝜏𝑅𝑋 0

𝐴0𝑒
−2𝜔𝐶1𝑒− 𝑗 (2𝑛𝜔𝐶2+𝜔𝜏 ) (10)

where 𝜏𝑅𝑋0 is time delay from TX starts chirp emission to
ADC sample after . The total number of ADC sample is usu-
ally a power of 2 and higher number leads to more frequency
resolution. This model also means that if the metasurface
is not the first object in line of sight, its characterization
will be masked by objects in the front. Based on this model,
we can isolate the range bin of the metasurface from the
surrounding objects [54].

𝑆𝑟 =
𝑐0

2 ∗ 𝐵𝑊 , 𝑆 =
#𝐴𝐷𝐶 ∗ 𝑆𝑟

2
(11)

where 𝑆𝑟 is the range resolution based on 𝐵𝑊 the bandwidth
of the radar, 𝑐0 is the speed of light in free space, 𝑆 is the
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maximum range of the radar, and #𝐴𝐷𝐶 is the number of
ADC samples per chirp. To super-sample a given range bin,
a higher number of FFT size than #𝐴𝐷𝐶 can be used, which
enables sub-range-bin thickness of MetaBioLiq metasurface.

6.2 Sweat Signal Extraction
Once we have the clean metasurface reflection signal, we
extract the sweat layer reflection in frequency domain Γ𝑖𝑛 (𝜔)
using the following model [28, 31]:

Γ𝑖𝑛 (𝜔) =
inf∑︁
𝑛=0

𝑎𝑛𝑒
−2𝑛𝜔𝐶1𝑒− 𝑗 (2𝑛𝜔𝐶2 ) (12)

compared with the FMCW RX chirp, the extra 𝑒−2𝑛𝜔𝐶1 and
𝜔𝜏 terms represent the attenuation and phase delay from
interacting with the material. One major difference between
extracted sweat signal vs. RX signal after mixing is the 𝐴2

0
term, which can be modeled as if there is an perfect echo
from the top of the metasurface.

6.3 Calibration
In order to extract the sweat S11 as previously modeled,
we must calibrate the offset terms from the ADC samples.
From [28], the sweat layer’s modulation Γ𝑚 based onmultiple
reflections within the metasurface structure can be isolated
as the following:

Γ𝑚 = 𝑆11 +
𝑆12𝑆21Γ𝑖𝑛
1 − 𝑆22Γ𝑖𝑛

; 𝑆11 = Γ𝑚−𝑚𝑎𝑡𝑐ℎ

Γ𝑚−𝑠ℎ𝑜𝑟𝑡 = 𝑆11 −
𝑆12𝑆21
1 + 𝑆22

= Γ𝑚−𝑚𝑎𝑡𝑐ℎ −
𝑆12𝑆21
1 + 𝑆22

(13)

where the match (no reflection) and short(total reflection)
terms can be measured [31] or synthesized knowing the
radar chirp parameters.

In a real mobile application, the match and short terms are
extremely challenging to obtain. One cannot assume there
is only reflection from the metasurface and the sweat, or
measure the maximum reflection at certain position. Thus,
we design the adaptive min-max calibration scheme where
the min replaces match, and max replaces the short. Based on
Eq. (10), we can simulate spectral reflection with metasurface
at given range bin as the following:

𝑅(𝜏𝑑 ) = 𝐴0𝑒
−2𝜔𝐶1𝑒− 𝑗 (2𝑛𝜔𝐶2+𝜔𝜏𝑑 ) (14)

where 𝑅(𝜏𝑑 ) is the synthesized signal, and without reflection
can be substituted with additive white Gaussian noise model.
Following calibration procedure in [28], the sweat pattern
can be modeled as:

Γ𝑚 =
ˆ𝑅(𝜏) − 𝑅(𝐴𝑊𝐺𝑁 )

ˆ𝑅(𝜏𝑑 )
(15)

Figure 11: Difference categories of sweat content com-
pared with pure water reflection under MetaBioLiq
metasurface on (a) table top, (b) human arm. Although
some outliners exist, we can observe that general ROI
frequency range for saline, fat, and water is consistent.

7 SWEAT SIGNAL COMPREHENSION
7.1 Soft Calibration
Each time the user wears themetasurface, there can be offsets
introduced by the mounting process due to the non-rigid
surface of the human skin. To remove such offset, we present
a soft calibrationmechanism that aligns new sensor’s reading
to baseline. In comparison of Figs. 11 (a) and (b), the saline,
fat, and water pattern under the region of interest (ROI)
is persistent, while glucose solution’s peak frequency ROI
drifted by about 1 GHz. Recalling back to Sec. 6.3, the short
calibration will use radar reflection without liquid (i.e., air).
The Min-Max calibration is performed as the following:

Γ𝑚′ (𝜔) = 𝑎(𝜔) +
(
(Γ𝑚 (𝜔) −min(Γ𝑚 (𝜔))) · (𝑏 (𝜔) − 𝑎(𝜔))

max(Γ𝑚 (𝜔) −min(Γ𝑚 (𝜔))

)
(16)

where 𝑎(𝜔) and 𝑏 (𝜔) are the min and max values across
multiple frames in a given frequency 𝜔 , respectively. This
technique allows a single calibration to counter the place-
ment offset caused signal drift.

7.2 Continuous Sweating
7.2.1 Sweat rate. In order to obtain the integral amount
of sweat that the user loses, we continuously monitor the
amount of sweat liquid present in the cavity. However, the
change in the amount of liquid is subtle and appears in spe-
cific frequency spots under the S11 reading, as shown in Fig.
12. Thus, we adopt a compact decision tree algorithm [50]
to robustly identify sweat filling based on the tiny variation
in the S11 spectrum.

7.2.2 Sweat content. Alongside sweat rate, sweat content
educates the user with proper amount of nutrient to sus-
tain wellness or athletic performance. To accurately tune
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the sensitivity of MetaBioLiq, we start with different con-
tent’s contribution in sweat liquid’s 1% nonwater volume
[43]. The salts of adult sweat range from 10 to 90 𝑚𝑀

𝐿
[13],

roughly translates to 1000 to 5000 ppm. Glucose is almost
insignificant in sweat [73], ranging 0.06 to 0.2 𝑚𝑀

𝐿
, which

roughly translates to 11 to 35 ppm. For fat molecules, due to
it’s tendency to coagulate with non-polar surface [39, 77], we
roughly use 1000 ppm as baseline and dilute it in two folds
until 125 ppm. Translation fro mM or 𝑚𝑀

𝐿
to ppm follows Eq.

(17).

ppm = mM ×Molar Mass (g/mol) (17)
Ideally, linear variation in certain substance concentration

may lead to linear or polynomial change in reflection ampli-
tude; however, sweat’s tiny presence make such modeling
very brittle. In another words, tiny vibrations can lead to
complete signal distortion. To maintain robustness against
small motion, we adopt a non-linear gradient boosting on
shallow decision trees algorithm (i.e., CatBoost [19]) that
captures even more subtle difference than the liquid level.

8 EXPERIMENTAL SETUP
In this section, we presentMetaBioLiq system’s evaluation
setup that detects the sweat rate and sweat content.

8.1 Metasurface
We first 3D print a 4 layered metasurface following optimiza-
tion algorithm in Sec. 5. As shown in Fig. 13, the PLA infill
factor of each layer from top to bottom is as follows: 1. 0.5083,
2. 0.527, 3. 0.5379, 4. 0.4371. The liquid cavity on the bottom of
the metasurface is 2mm thick, with oval cylinder’s major and
minor axis lengths 24.6 and 4 mm, respectively. The cavity
opens along the major axis, the maximum cavity size of 0.67
mL (667 𝜇𝐿). The size of the metasurface is approximately
42mm in corner-to-corner measurement, less than 47mm in
a sports watch [2]. The thickness is set to 2.8cm, which is
exactly the length of radar range resolution plus a 1mm thin

Figure 12: Difference amount of sweat liquid inside the
cavity, medium level ranges from 100 𝜇𝐿 to 400 𝜇𝐿.

arch to fit skin curve, the thickness can be optimized in the
future with range super-sampling as discussed in Sec. 6.1.

8.2 mmWave Radar
We adopt Infineon’s BGT60TR13C 60 GHz FMCW mmWave
radar with 5.5 GHz bandwidth [6]. Its ADC sampling rate
on the baseband signal is 2.5MHz. To maximize the SINR of
the metasurface, we use 512 chirps per frame, with 256 ADC
samples per chirp, resulting in about 21.5 MHz ADC sample
gap. Given the amount of short time sampling occupying
energy and storaging, we limit the slow time frame rate to
5 Hz. Unless otherwise mentioned, the default angle to the
person is 0 degree (i.e. head-on), and the default distance is
90 cm. To collect data, we use a Windows 10 laptop with
Infineon’s Radar Fusion GUI software suite V3.3.0.

8.3 Liquid Preparation
We prepare a total of 24 artificial sweat samples for examina-
tion. Including a baseline sample with an empty cavity and a
distilled water sample. Generally, human sweat contains 20
to 90 𝑚𝑚𝑜𝑙

𝐿
of electrolyte [13], which translates to ∼ 1000 to

∼ 5000 ppm. We prepared 5 saline solutions of 1-5 g per liter
of table salt in a 1 g interval, corresponding to 1000 to 5000
ppm sweat electrolyte content. The concentration of glucose
in sweat ranges from 0.06 to 0.2 𝑚𝑀 that corresponds to
3.3 to 17.3𝑚𝑀 in blood glucose [73]. We prepare 4 glucose
solutions from diluting 0.25 g per mL glucose shot drink [8]
to 0.03 g per L, then further diluting with distilled water in
a 1:1, 1:2, and 1: 3 ratio, matching the sweat glucose levels.

Figure 13: Artificial sweat liquid measurement setup.
Three cups of high concentration liquid is prepared,
mixed with distilled water to reach different human
sweat concentration of liquid.
S-salt, G-glucose, L-lard, W-water.
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Figure 14: Salt concentration from 2000 to 5000 ppm vs. water.

Figure 15: Glucose concentration from 100 to 25 ppm.

Figure 16: Lard concentration from 1000 to 250 ppm.

Unlike water-soluble electrolyte and glucose, lipids tend to
coagulate on the skin surface [39, 62], which is not homoge-
neous and leads to an ad-hoc concentration. We prepared 4
samples of the lipid mixture by diluting 1g lard grease [4] in
10mL warm water and mixing with distilled water in a 1:1,
1:2 and 1:3 ratio. Furthermore, we mix the above solutions
at their highest concentration to form mixtures that better
approach the sweat content. This includes salt and glucose
mixture at the ratio of 1:1, 1:2, and 2:1, and salt, glucose,
lipid mixture at, 1:1:1, 2:1:1, 2:2:1, 1:2:1, 1:2:2, and 1:1:2. A
simplified version of differences in S11 vs. concentration is
shown in Fig. 14, Fig. 15, and Fig. 16.

8.4 Human Subject
As shown in Fig. 13, we place human arm on top of the table
as in writing or typing scenario. The metasurface is placed on
top of the human skin with clear tape to fix on the skin. The
tape can later be replaced with low-cost skin adhesive use in
COTS wearable sensors [48]. All experiments are performed
on human subjects, while the microbenchmarks on Sec. 9.3
is performed on a table. A total of 15 subjects, aged 23 to
28, and skin tone ranges from light, brown to dark in 5:5:5
ratio. Most participants also have skin hair on wrist region
(10 out of 15). It should be noted that although it is suggested
that the participant remain as still as possible, there are
subconscious movements and speech-induced vibration and
muscle contractions in the range ± 2 cm. To maximize user
privacy, we store our user data completely locally, and our
study is approved by IRB.

8.5 Model Implementation
We set up two models that both utilize a simple yet robust de-
cision tree structure. First, for liquid level sensing, subtle but
deterministic change is classified into 4 classes. Compared
to Fig. 12, we divide the medium level from 100-200 𝜇𝐿 and
200-400𝜇𝐿 for a finer-grained analysis. Each data sample is 1
seconds long, collected at a 5 frame per second radar frame
rate, and fixed at 60cm distance. We set the maximum depth
of the decision tree to 2 and feed only 30% of 1560 sweat level
samples as trainset, and the remaining 70 % data as testset.

For artificial sweat classification, we set the CatBoostClas-
sifer’s maximum depth to 6, such that the total number of
leaves would not exceed the dimension of our radar input
(i.e., 256). The learning rate was set to 1, and loss function is
set to Multiclass, as described in Eq. (18):

𝑙𝑜𝑠𝑠 =

∑𝑁
𝑖=1𝑤𝑖 log

(
𝑒
𝑎𝑖𝑡𝑖∑𝑀−1

𝑗=0 𝑒
𝑎𝑖 𝑗

)
∑𝑁

𝑖=1𝑤𝑖

(18)

where𝑤𝑖 is the weight,𝑀 is the total number of classes, 𝑁
is the number of samples, 𝑎 is the logits, and 𝑡 is the index of
ground truth label. We train the model with 25,500 samples
and test the model with another 25,500 samples, averaging
1020 samples for every class. Each sample is 5 seconds long,
which is equivalent to 25 frames per sample with an array
of (25,256). The model was trained for 300 epochs before
achieving 96.4% prediction accuracy on the test set, as shown
in Fig. 17.
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9 EVALUATION
9.1 Metrics
Radar range bin amplitude: The metasurface acts as a
passive tag attached on the human body andmust be detected
by the FMCW radar in its own range bin to clearly extract
sweat information.We compare the radar’s RX side per range
bin amplitude gain from with and without the metasurface
to show the RCS 𝜎 improvement that the metasurface brings
to the sweat liquid.

𝜎 =
𝑃𝑟𝐺𝑡𝜆

2

𝑃𝑡𝐺𝑟 (4𝜋)3𝑅4 (19)

where 𝑃𝑟 is the power received by the radar, 𝑃𝑡 is the power
transmitted by the radar, 𝐺𝑡 is the gain of the transmitting
antenna, 𝐺𝑟 is the gain of the receiving antenna, 𝜆 is the
wavelength of the radar signal, 𝑅 is the distance from the
radar to the target object.
Classification Accuracy: To characterize MetaBioLiq’s liq-
uid identification with tiny change, we use multi-class clas-
sification accuracy as follows:

𝐴𝑐𝑐𝑢 =

𝑀∑︁
𝑖=1

(𝑌𝑝𝑟𝑒𝑑 == 𝑌𝑙𝑎𝑏𝑒𝑙 )
𝑐𝑜𝑢𝑛𝑡 (𝑌𝑙𝑎𝑏𝑒𝑙 )

∗ 100% (20)

where 𝑌𝑙𝑎𝑏𝑒𝑙 is the fine-grained label for every sample in Sec.
8.3,𝑀 represent 24 classes of sweat liquids. 𝑌𝑝𝑟𝑒𝑑 is the list
of all samples predicted by our model.

9.2 Accuracy of Fluid Analysis
9.2.1 Classification of Different Liquid. In order to give feed-
back on user’s nutrient loss during sweating, its essential to
characterize the sweat liquid’s subtle different in electrolyte,
glucose, and lipid mixtures. We present a 24-class model
that includes average electrolyte, glucose, and lipid concen-
trations, as well as complex mixtures. As shown in Fig. 18,
the 24 classes of liquid response can be generalized to 10
participants with different skin conditions, different age (25
± 5) and small movements. In general, the compact model

Figure 17:MetaBioLiq’s CatBoost model training loss
and test accuracy per epoch. To prevent overfitting, the
cutoff is at 300 epochs.

Figure 18: Multiclass confusion matrix from CatBoost
classification, darker color symbolizes higher accuracy.
The errors are evenly distributed.

Classes Precision Accuracy
3 250 𝜇𝐿 100 %
4 125 𝜇𝐿 95 %
6 60 𝜇𝐿 65 %
8 20 𝜇𝐿 33 %

Table 2: Precision vs. Accuracy trade-off.
of MetaBioLiq achieves a 94% accuracy in classifying more
than 20,000 sweat signal samples in 24 different artificial
sweat liquid mixtures. For example, Fig. 14, Fig. 15, and Fig.
16 show S11 differences from the change in concentration in
each category of substance.

9.2.2 Classification of Liquid Level. To continuously record
and integrate sweat level, accurate sweat level sensing is
crucial. MetaBioLiq achieves 95% accuracy with 4 classes
when the user wears the metasurface on the forearm. In
a more fine grained experiment, where we attempted to
separate sweat volume level up to 8 classes, the performance
suffered, as shown in Table 2.

9.3 Micro Benchmarks
We now present a detailed evaluation on various aspects of
metasurface design and system configuration.

9.3.1 Different Sized Metasurface. We compare metasur-
faces with different edge lengths, while maintaining the same
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height and design.We tested the following edge lengths: 1cm,
2cm, 3cm, and 4cm, and found that upon 3 cm edge length,
its reflection strength can be significantly distinguished from
the surrounding at 60 cm distance. As shown in Fig. 19, 3cm
and 4cm lengthed metasurfaces show sufficient RCS and SNR
with its own distinguishable range bin.

9.3.2 Different Printer and Filament. To assess different 3D
filament or 3D printer’s impact onMetaBioLiqmetasurface’s
sensing capability, we examine 4 different colors (R - Bambu
Lab, G - Prusa, B - Bambu Lab, W - Bambu Lab). As shown
in Fig. 20(a), four colored metasurfaces show synchronized
response when measuring the offset that water brings to
the metasurface. Although there might be inperfections in
the 3D printing process, MetaBioLiq metasurface uses 100%
layer infill and PLA material that is easy to handle, lowering
the barrier for metasurface design.

9.3.3 Different Radar Parameters. Different radar parame-
ters can satisfy different IoT application with focus on energy
consumption, sensing resolution, or sensing rate. On the ba-
sis of these three parameters, we tune radar’s frame rate,
sample per chirp, and chirp per frame to find various opti-
mums. As shown in Table 3, we stress test the frame rate to
2 Hz, ADC samples per chirp to 64, which is roughly 86𝑀ℎ𝑧

per bin resolution, and chirps per frame to 8. Frame rate from
5 Hz to 2 Hz will Overall, the parameter that we chose, fo-
cusing on maximizing the SINR from metasurface reflection
with 512 chirps per frame, has the highest accuracy.

Figure 19: 3 cm edge length is the first size to show dis-
tinguishable and comparable reflection strength com-
pared with table background range bin.

Frame Rate ADC Samples Chirps/Frame Accuracy
5 256 512 96 %
2 256 512 96 %
5 64 512 95 %
5 256 8 86 %
2 256 8 51 %
5 16 8 81 %

Table 3: Radar parameter and their corresponding ac-
curacy with exact same model parameters.

(a) Different colored filament
doesn’t show significant difference
in sensing delta when water is
placed under the metasurface.

(b) Overall, temperature change
on skin shows insignificant perfor-
mance change.

Figure 20: Filament color and longitudinal analysis.

(a) Distance evaluation from 30 cm
to 150cm, beyond that, 3cm sized
metasurface doesn’t show enough
range bin SNR.

(b) Both elevation angle and az-
imuth angle follow the same pat-
tern, given the top spacer is sym-
metrical.

Figure 21: Distance and angle analysis.

9.4 Robustness in Real-World Settings
9.4.1 Temperature Impedance Shift. To quantify and verify
the temperature induced impedance shift [9] in microliter
level, we apply 667 𝜇𝐿 of room temperature solution 25°𝐶
on participant’s forearm skin, and record 5 minutes of con-
tinuous data to identify the drift to 30°𝐶 ± 2°𝐶 . As shown in
Fig. 20(b), both the accuracy and the amplitude of the radar
range bin signal did not change significantly. This proves
that our modeling on different material’ dielectric constant
at room temperature suffices in the low activity use case.

9.4.2 Distance. We proceed to evaluate the performance
with respect to different distances and practical setup consid-
erations. As shown in Fig. 21(a), up to 1.5 meters away, the
signal from the metasurface is still distinguishable from the
arm, where as beyond that, it becomes challenging to align
and measure the sweat signal. Generally speaking, if the size
of the metasurface increases from 3cm, the sensing range
could be further increased due to RCS gain, but at the cost of
practicality. As shown in Fig. 13, with MetaBioLiq metasur-
face size showing sufficient RSC/SINR, and still compact in
size, with diagonal length smaller than a COTS smart watch.

9.4.3 Angle. Even in relatively static scenarios, human body
will naturally breathe, twitch, and unconsciously move their
arm as well as other parts of the body [36]. We explore the
boundary that the current flat-headed metasurface can still
reflect sufficient energy to deliver sweat information. As
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shown in Fig. 21(b), the fast headed metasurface is capable
of being identified from ±28 degree azimuth and elevation
angles from the top view. Beyond this range, the radar signal
either does not reach the bottom layer of the metasurface or
is reflected specularly to another direction.

10 DISCUSSION AND LIMITATIONS
Radar vs. VNA: Although our mmWave radar calibration
turns a mmWave radar into a pseudo-VNA probe, its fre-
quency domain resolution is limited to the number of ADC
samples. With the same radar [6], it can reach a maximum
of 2048 ADC samples per chirp, 1000 frames per second, or
512 chirps per frame. The trade-off is between the frame
duration, number of chirps per frame, and number of ADC
samples per chirp. In this paper, we sacrificed frequency do-
main resolution and used 256 ADC samples to sweep the 5.5
GHz bandwidth, resulting in ∼ 20𝑀𝐻𝑧 frequency resolution.
Other RF bands: Generally speaking, higher RF frequency
with lower wavelength is more sensitive to smaller objects
(i.e., thinner layer of liquid) [55]. With help from metasur-
faces that match impedance and resonate with material in
contact, other frequencies (e.g., 5 GHz Wi-Fi with 6 cm
wavelength, 24 GHz mmWave with ∼ 1.25 cm wavelength,
150 GHz with 2mmwavelength) can also enable a wide range
of applications with the same design.
Glucose Sensitivity: Although sweat glucose level and
blood glucose level is highly correlated [73], its concentra-
tion in sweat is relatively low, and has less impact to sweat
dielectric than electrolyte, making it more challenging to
sense accurately.
Motion Impact: The fundamental metasurface design lacks
rigorous exercise motion support such as running or bas-
ketball. Although techniques like micro-Doppler [16] can
expliot side lobe information, its bottleneck is still on RCS
and SNR. To make a motion-resilent system, one can explore
metal-based metasurface design, as well as combinations
of reflection lens such as the Van Atta array used in [49].
Compared with active systems, which the tag does both
sensing and communication, passive systems rely on rela-
tively stationary radar to tag position. However, this is a
common limitation in passive sensing systems that needs to
be addressed.
User Experience:We used PLA material for our metasur-
face that costs less than $1 each with 3cm of edge length.
There are many 3D print materials that are skin friendly (e.g.,
thermoplastic polyurethane that is soft or special PLA that
is food grade [38]) that has a slight change in the dielectric
parameter compared to the PLA material of MetaBioLiq.
Future Applications:MetaBioLiq metasurface has many
advantages. It is easy to model, low cost to fabricate, versa-
tile with different material, and can be made into various

form-factors (large or small). An attractive application is
in-body biofluid characterization that assists current camera-
only capsule endoscopy. With mmWave radar antenna in
the scale of millimeters, and a small liquid cavity in close
range, food grade material made metasurface can open new
paths in in-vivo sensing. In addition, given mmWave radar’s
beamforming capability, a single multi-antenna mmWave
radar can support multi-user scenarios such as in a gym.

11 CONCLUSION
In this work, we present a passively remote, wearable, and
3D-printable metasurface that allows biofluid detection at
the microliter level. MetaBioLiq allows sweat liquid content
to be identified remotely without any electrical circuit on the
human skin. Instead, it’s 3D printed PLA metasurface can be
easily manufactured, sensed at 1.5 m, and able to tell various
concentrations of electrolyte, glucose, and lipid in 500 mi-
croliters of sweat fluid. Extensive experiments have shown
that MetaBioLiq can correctly identify sweat content on 10
different people’s skin with over 96% accuracy, with only
microliters of sweat traped in a passive cavity. In addition,
we explore different possibilities of the sensing system to
assist future explorations in nonintrusive biomedical or even
in vivo applications. In conclusion,MetaBioLiq has the po-
tential to serve the future medical world with its accessibility,
accuracy, and flexibility.
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