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Abstract— Robots and people often need to know what liquid
is inside a sealed bottle before acting, but vision can fail for
opaque or visually similar contents and continuous cameras
may be undesirable in shared spaces. We present Touch2Know,
a dexterous-hand sensing system that identifies liquid type
and container type through the container wall during normal
in-hand grasping, without opening the bottle. Touch2Know
integrates five low-profile flex-PCB electrodes with guarded and
shielded routing on a multi-finger hand, and measures multi-
channel mutual capacitance to reduce common-mode drift and
grounding sensitivity. An event-driven adaptive grasp controller
stabilizes contact and limits over-compression across PET and
glass bottles. For learning, we propose CapTF (Capacitive Tem-
poral Fusion), a CNN-Transformer model that jointly predicts
(i) liquid class and (ii) container type from 4-channel capacitive
time series. We collect a dataset spanning 19 liquid classes (11
household liquids plus salt-water and sugar-water concentration
series) and 4 container types over four days. The task is
fine-grained, including visually ambiguous cases and liquids
with closely related dielectric/conductive responses through con-
tainer walls. With per-trial baseline-subtracted signals, CapTF
achieves 95.07%/99.34% liquid/container accuracy under a
balanced split and 90.00%/98.16% on the Day-4 holdout test,
outperforming LSTM, XGBoost, and a vanilla Transformer in
liquid classification. Code is available at: https://github.
com/mrsgzqg/Capacitive_Temporal Fusion,

I. INTRODUCTION

Many liquids are stored and used in sealed containers, yet
both people and robots often need to know what is inside
before they act. This motivates a system-level capability: lig-
uid perception that works through the container wall during
normal handling, without opening the container and without
strong assumptions about the environment. Vision alone is
not always dependable in these cases, and continuous camera
sensing can be undesirable in assistive or shared spaces. A
practical solution should therefore couple perception with
manipulation so that reliable liquid evidence can be gathered
while the container is being held.
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Fig. 1: Touch2Know overview. A UR5-mounted dexterous hand performs
an enveloping grasp and records 4-channel mutual-capacitance signals
through sealed containers using five on-hand flex-PCB electrodes. The
dataset covers 19 liquid classes and four container types over four days.

A dexterous hand is well suited for this goal. Compared
with two-finger grasps, a multi-finger enveloping grasp can
stabilize containers with different diameters and materials
and maintain distributed contact around the bottle. This
contact pattern provides multiple sensing viewpoints at once
and makes the measurement less sensitive to small placement
errors. It also matches real handling: the robot can pick up a
bottle from a table or accept one from a user, hold it securely,
and sense it in-hand.

In this paper, we present Touch2Know, a dexterous-hand
sensing system that identifies both liquid class and container
type using mutual-capacitance signals measured through
sealed containers (Fig. [I), without opening the container and
regardless of whether the bottle is transparent or opaque. We
integrate low-profile flex-PCB electrodes on a dexterous hand
and acquire multi-channel mutual-capacitance responses with
a Ruby Development Board. An adaptive grasp controller
stabilizes contact conditions and limits excessive force, im-
proving repeatability across plastic and glass containers. We
focus on classification: (i) 19 liquid classes (11 household
liquids plus 4 salt-water and 4 sugar-water solutions treated
as discrete classes), and (ii) 4 container types.

The contributions of this paper are:

1) A dexterous-hand mutual-capacitance sensing system
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for in-hand liquid and container classification through
sealed containers, leveraging multi-channel spatial
sampling during an enveloping grasp.

2) A low-cost, scalable flex-PCB electrode design with
shielded routing and detachable SMA—coax connec-
tions for repeatable integration and maintenance.

3) An event-driven adaptive grasp controller that stabi-
lizes contact and limits over-compression, improving
repeatability across plastic and glass containers.

4) We propose CapTF (Capacitive Temporal Fusion),
a hybrid CNN-Transformer model for liquid and
container classification from mutual-capacitance se-
quences.

5) A fine-grained dataset of 19 liquid classes (11 house-
hold liquids plus 4 salt-water and 4 sugar-water solu-
tions treated as discrete classes) and 4 container types
collected over four days, evaluated with balanced and
Day-4 holdout splits, showing the benefit of per-trial
baseline-subtracted delta features.

II. RELATED WORK
A. Liquid Detection with Robots

Robotic liquid understanding has mainly used (i) vi-
sion, (ii) interaction-based probing, and (iii) non-visual end-
effector sensing. Vision methods use RGB/RGB-D or multi-
view cues (e.g., surface appearance, refraction, and geom-
etry) to estimate fill level or infer contents [1], [2]. In
real settings, they often degrade under occlusion, glare, low
contrast for transparent liquids, and opaque containers, and
continuous cameras can be undesirable in shared spaces [3],
[4], [5]. Another line of work applies actions such as shaking
[6], tilting [7], or external forcing [8], and then classifies
liquids using vibration/haptic responses [9] or audio signals
[10]. These pipelines typically add extra action stages and
can be less stable when liquids have similar dynamics. Non-
visual end-effector sensing (e.g., spectroscopy [11], thermal
sensing [9], millimeter-wave sensing [12], and electrical
impedance tomography [13]) can reduce reliance on vision,
but it often increases hardware cost and calibration burden.

B. Reliable Liquid Sensing with a Dexterous Hand

Most liquid sensing systems rely on two-finger grippers or
fixture-like end effectors to simplify contact geometry and
control the sensing pose [7], [11], [13], [14]. A dexterous
hand can instead form an enveloping grasp that adapts to
different diameters and improves stability [15], while also
providing distributed contact that enables multi-point spatial
sampling around the container [16]. However, relatively few
studies embed liquid sensing into dexterous grasping; exist-
ing examples mainly target liquid-level or related in-hand
estimates [17], [9]. Integrating sensing and stable grasping
in one platform can avoid a separate measurement procedure
and better match home deployment needs [18].

C. Capacitive Tactile Sensor for Liquid Detection

Capacitive tactile sensing is widely used for end-effector
liquid detection because thin, flexible electrodes are easy

to integrate and can respond to electrical property changes
through the container wall [7], [14], [19], [6], [17]. It has
been used for fill-level estimation [20] and for content or
concentration-related recognition [21], [14]. Existing elec-
trode configurations mainly include self-capacitance [14]
and mutual capacitance [21], [22], [23], [24], [25]. Self-
capacitance is simple and easy to implement, but it is highly
sensitive to environmental changes and grounding conditions,
as it measures a single-ended electrode-to-ground coupling.
This makes the signal prone to common-mode disturbances
(e.g., nearby conductive objects, humidity, and robot body
motion), causing drift and reduced repeatability, and ul-
timately limiting robustness in real-world robotic settings
[26]. Mutual capacitance uses a transmit-receive electrode
pair to form a more well-defined coupling path through
the target, which reduces dependence on grounding and
suppresses common-mode environmental disturbances [22],
[27]. This enables stable multi-channel comparative features
and improves discrimination for material and content sensing
at robotic end effectors [21], [23].

III. METHODOLOGY

A. Capacitive Tactile Sensor Design, Fabrication, and Inte-
gration

Fig. [2 summarizes the full workflow from flex-PCB fab-
rication to on-hand integration and mutual-capacitance data
acquisition.

a) Flex-PCB substrate and fabrication.

The electrodes were fabricated on a double-sided copper—
polyimide laminate (Cu/PI/Cu) with a stack-up of 18 um Cu
/25 um PI/ 18 um Cu (Fig. 2h). This structure is flexible and
conductive, so it can conform to curved finger surfaces. The
layout was designed in Altium Designer and manufactured
as a flex-PCB (Fig. 2b). The flex-PCB process provides low-
cost, repeatable geometry and supports fast design iteration.
b) Electrode structure.

Fig. shows the electrode and the layer functions. On
the front side (object-facing), a rectangular copper pad is
the sensing electrode. The pad is surrounded by a closed
GND guard ring on the same side (width = 1mm). This
guard provides a local reference and limits the lateral fringing
field. It directs coupling toward the container and improves
repeatability. On the back side (routing and shielding), the
sensing pad connects to a narrow trace that serves as the elec-
trode signal feed to the connector. A grounded copper shield
(GND) surrounds the trace. The shield reduces coupling into
the finger body and internal wires. It also lowers parasitic
capacitance and cross-talk across channels. Together, the
front guard ring and the back shield make the field more
stable for multi-channel mutual-capacitance sensing.

c) SMA interface with coax-like launch.

At the connector area, the PCB uses a coax-like hole
pattern (Fig. [2d): the center hole is the signal, and the four
outer holes are GND; an SMA connector is inserted from
the back side, its pins are soldered on the front side to form
the solder joints, and the joint region is then reinforced with
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Fig. 2: Flex-PCB electrode workflow and system integration for multi-channel

hot-melt glue for mechanical stability and strain relief. This
geometry provides a short return path and reduces connector
parasitics, supporting stable mutual-capacitance readout.

d) Coax cabling and SMA connector.

As shown in Fig. Eh-f, each channel uses a short RF
coax run between the flex-PCB SMA jack and an SMA
plug. The cable inner conductor carries the electrode signal
to the readout wiring, while the cable shield is tied to a
shared ground to maintain a continuous shielding path and
reduce relative drift. The detachable SMA pair simplifies
replacement.

e) System integration.

Two electrode sizes were used to match finger geometry:
(i) thumb + middle + ring: 0.9cm x 2.3 cm; (ii) index +
pinky: 0.9 cm x 1.5 cm. The flex-PCB is mounted at the sec-
ond joint, then wraps to the dorsal side and routes toward the
back of the hand. The flex tail and cable are fixed using hot-
melt glue for strain relief. (Fig. [2). This location provides
stable contact in an enveloping grasp and avoids interference
with the fingertip 3-axis force sensor. Each electrode was
bonded using 1 mm sponge double-sided tape behind the
back-side shield. The foam adds compliance and improves
contact. It also increases distance to internal conductors,
which can reduce parasitic capacitance and improve baseline
stability.

f) Signal readout & mapping.

The five electrodes are connected to the Ruby board as:
thumb — G35, index — G07, middle — G12, ring — G25,
pinky — G20.

Mutual-capacitance signals are recorded using a devel-
opment board from Beijing Tashan Technology Co., Ltd.

mutual-capacitance sensing.

equipped with a 24-bit 0— capacitive-to-digital converter
(CDC) (Fig. Ql). In this work, the board streams synchro-
nized multi-channel capacitance samples to the host at a fixed
rate, producing time series. Fig. Zh shows a representative
dataset trial (water in glassO1, Day 2) plotted as baseline-
referenced delta capacitance ADC (raw minus the per-trial
environment baseline mean). The four channels increase
during closing and settle to a stable delta plateau during
hold before returning toward zero on release, illustrating the
repeatable in-hand fingerprint after baseline calibration.

B. Mutual-Capacitance Sensing Principle

We measure mutual capacitance between a transmit (Tx)
electrode on the thumb and four receive (Rx) electrodes
on the other fingers during a stable enveloping grasp. With
electrodes conforming to the bottle wall, the dominant
electric-field path traverses the container wall and couples
into the liquid. Liquids with different relative permittivity
and conductivity therefore produce distinct multi-channel
temporal signatures.

In a simplified Tx—Rx model, the induced charge at Rx is

er(t) = Cm V:cx(t)7 (1)

where C,, is the mutual capacitance and Vi (t) = Vj sin(wt)
is the sinusoidal excitation (amplitude V{, angular frequency
w) applied to Tx. The corresponding Rx current is
dQ:x
.I‘X t) = 2
ine(t) = < @
so Cy, can be estimated from the measured peak current I
as

= wC,, Vp cos(wt),

~ ITpk

Cm .
wWy
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To connect C,,, with the bottle-liquid structure, we ap-
proximate the coupling as an effective layered capacitance
(wall + liquid),

EOAeff
Ew €0, cff

where ¢¢ is vacuum permittivity, Aeg is an effective coupling
area, d,, and ¢,, denote wall thickness and relative permit-
tivity, and d; and €/ .¢ denote an effective liquid path length
and permittivity under fringing fields. For lossy liquids,
conductivity o contributes via the complex permittivity

efw) = <jlw) — i 5)

Using the thumb as Tx and the remaining fingers as
Rx yields a 4-channel sequence C,,(t) for learning-based
classification.

C. Adaptive Grasping Algorithm

We use a dexterous hand from BrainCo with 6 actu-
ated joints and 10 total DoF, communicating with the host
PC via RS485. The thumb has two actuated DoF (abduc-
tion/adduction and flexion/extension), while the index, mid-
dle, ring, and pinky each have one actuated flexion/extension
DoF plus one passive flexion DoF, enabling underactuated
wrap-around grasps. The hand integrates capacitive 3D fin-
gertip force sensors from Beijing Tashan Technology Co.,
Ltd. that estimate normal and tangential forces (0-25 N
range, ~0.1 N resolution, 5% FS accuracy). The thumb
provides two sensing channels, whereas the other fingers
provide three channels each. Each channel uses a three-layer
stack (contact layer, silicone-rubber dielectric, and electrode
layer); external forces deform the dielectric and change the
measured capacitance, which is converted by the sensor
electronics into normal and tangential force estimates.

We use an event-driven controller to obtain a repeat-
able enveloping grasp so that the second-joint capaci-
tive electrodes achieve stable contact while avoiding over-
compression. The controller follows a state machine: pre-
contact — closing — hold — release — done; the hold
state freezes the posture for a fixed sensing window. We
keep thumb_aux at its maximum to improve opposition
geometry and align the thumb with the index across bottle
diameters.

In closing, each finger j (thumb, index, middle, ring, and
pinky) maintains a mode in {active,holding} and uses
a robust normal-force feature

F) (k) = max FI) (k). (6)

If active, the finger advances by a small step
pi(k+1)=p;(k)+Ap,  p; €[0,100].  (7)

Contact is detected with hysteresis: when F,(Lfl)nax(k) >
Frontact, finger j switches to holding; when holding and
later F7(Lj,r)nax(k) < Fetease (With Fielease < Feontact), it may
reactivate. After the first contact event we bound additional
closure to limit compression:

Dj < Pj first T Apextra- (8)

We also stop a finger if it stalls (command increases but
readback does not), and only transmit new position com-
mands when the target posture changes. Closing ends when
all fingers are non-active, after which the controller records
during hold and executes a one-shot release.

D. Capacitive Temporal Fusion Method

We formulate in-hand liquid sensing as a multi-task time-
series classification problem. A single grasp trial produces
a C-channel mutual-capacitance sequence from which the
model must simultaneously predict (i) the liquid class
(19 classes: 11 household liquids plus 4 salt-water and
4 sugar-water concentration levels) and (ii) the container
type (4 classes). Solving both tasks jointly is motivated
by the observation that the capacitive response depends
on both the liquid and the container wall, and a shared
representation can capture their interaction more efficiently
than two independent models. Because the signal evolves
through distinct grasp phases and contains both local tran-
sient patterns and long-range temporal dependencies, we
propose CapTF (Capacitive Temporal Fusion), a multi-task
CNN-Transformer architecture that shares a convolutional—
attentional backbone and branches into task-specific classifi-
cation heads.

1) Problem Formulation

Let a single grasp trial produce a multi-channel time series
X € RE%L, where C = 4 is the number of Rx mutual-
capacitance channels and L is the sequence length. Each
trial is associated with two ground-truth labels: a liquid
label y4 € {1,...,Kj,} and a container label y"°* €
{1,...,Kpot}. The goal is to learn a mapping fy that
produces two logit vectors from the same input:

Oliq7 Obot _ fe(X), 9)

where 0!19 ¢ R¥ua and oP°t € REvet, The predicted class
probabilities are obtained via softmax:
exp(of)

Py =k|X)= g —
3257 exp(o])

and the predicted labels are §7 = argmax;, p(y™ =k | X).
The model is trained with a weighted multi-task cross-
entropy loss:

, 7 € {lig,bot}, (10)

.
L = Mg Lk + Apot L&, (11)
where Ajiq and Ao control the relative importance of the two
tasks. Joint training encourages the shared backbone to learn
features informative for both liquid content and container
geometry.

2) CapTF Architecture

The overall architecture of CapTF, illustrated in Fig. [3
consists of three stages: (i) a convolutional embedding front-
end, (i) a Transformer encoder with learnable positional
encoding, and (iii) a multi-head pooling layer followed by
two task-specific classification heads.
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Fig. 3: CapTF architecture. A multi-scale 1-D CNN embeds the 4-channel mutual-capacitance input, a Transformer encoder with learnable positional
encoding captures temporal dependencies, and multi-head pooling (mean, max, attention) aggregates the sequence into a shared representation fed to two

task-specific heads for liquid and container classification.

a) Convolutional embedding.

The input tensor X € is passed through
three successive 1-D convolutional blocks that progressively
expand the channel dimension (C — 64 — 128 — d)
using kernel sizes of 7, 5, and 3, respectively. Each block
applies convolution, batch normalization, GELU activation,
and dropout. Between the second and third blocks, a residual
convolutional module with a skip connection is inserted:

H*) = Convy(GELU(BN(Conv (H)))) + H, (12)

RBXCXL

which enriches local feature extraction while stabilizing
gradient flow. The decreasing kernel sizes (7—5—3) allow
the front-end to capture multi-scale temporal patterns: early
layers extract broad trends in the capacitive response, while
later layers resolve finer transient details. The output feature
map H € RBE*XIXL i5 transposed to REXLX? for the
subsequent Transformer.

b) Learnable positional encoding.

Since self-attention is permutation-equivariant, explicit
position information must be injected into the sequence. We
use a learnable positional encoding P € R4 initialized
from N(0, 1/+/d) and added element-wise to the embedded
sequence:

H=H+P. (13)

Compared with fixed sinusoidal encodings, a learnable pa-
rameterization allows the model to adapt its positional repre-
sentation to the non-uniform temporal structure of the grasp
phases (short precontact, variable-length closing, long hold),
which are specific to our acquisition protocol and difficult to
capture with a predefined frequency basis.

c) Transformer encoder.

The encoded sequence is processed by a stack of Ny
Transformer encoder layers with pre-layer normalization[28].
Each layer applies multi-head self-attention followed by a
position-wise feed-forward network:

7 =7+ MHSA(LN(Z)), (14)
7' =7+ FFN(LN(Z’)), (15)
where MHSA denotes multi-head self-attention with / heads
and FEN is a two-layer MLP with hidden dimension dg and

GELU activation. Self-attention enables every time step to at-
tend to the full sequence, capturing long-range dependencies

such as the transition from closing dynamics to steady-state
hold signals. A final layer normalization is applied after the
last encoder layer.

d) Multi-head pooling.

To aggregate the Transformer output Z € RE*Exd into a
fixed-size representation, we combine three complementary
pooling strategies in parallel. Global mean pooling captures
the average signal level across the entire grasp. Global
max pooling highlights the most salient time steps, which
often correspond to contact transients or peak capacitive
coupling. Learned attention pooling applies a lightweight
query network gy that assigns a scalar importance weight
to each time step:

exp(ge(Zy))
Yi—y exp(ge(Ze))

where g, is a two-layer MLP (d — d/4 — 1) with GELU
activation. The three pooled vectors are concatenated to form
a multi-view representation:

(16)

Qy =

Z:[%tht;mtaxzt;Ztoztzt}eRSd. A7)

mean attention

max

This multi-head design provides a richer shared representa-
tion than any single pooling method: mean pooling smooths
out noise, max pooling preserves discriminative peaks, and
attention pooling learns task-relevant temporal weighting.
e) Task-specific classification heads.

The shared representation z is fed into two independent
classification heads. Each head consists of its own layer
normalization, dropout, and a linear projection:

(18)
19)

oliq = Wliq DI‘OpOut(LN]iq (Z)) + bliq7
()bot = Wyt DI‘OpOut(LNbOt (Z)) + bb0t7

where o4 € RXua and oP°t € RXver, Using separate
normalization and dropout for each head allows the two
tasks to maintain different feature scales and regularization
levels while still benefiting from the shared backbone. The
liquid head focuses on permittivity- and conductivity-driven
signal differences, while the container head attends to wall-
thickness and diameter-dependent coupling variations. Both
heads are trained jointly through the multi-task loss L.



IV. EXPERIMENT
A. Datasets and Data Collection Procedure

We collected one dataset for joint liquid and container
classification, covering 19 liquid classes, including 11 house-
hold liquids (water, denatured ethyl alcohol 96-99.99%,
grape juice, milk, milkshake, oil, soy sauce, syrup, vinegar,
handwash, and dishwashing liquid) and prepared concentra-
tion variants of salt water (2%, 4%, 6%, 8%) and sugar
water (5%, 10%, 15%, 20%). This selection includes visually
ambiguous cases such as adjacent concentration levels and
liquids with closely related electrical properties, making the
classification problem fine-grained.

All liquids were measured using four container types
to capture container-dependent coupling: petOl (hard PET,
small diameter), pet02 (soft PET, large diameter), glassOl
(thin glass, small diameter), and glass02 (thick glass, large
diameter). All bottles were filled to 450 mL (near-full),
so that the liquid level was above the highest capacitive
electrode during grasping. Data were collected over four
days under normal laboratory room-temperature conditions,
with a mean ambient temperature of 22°C. Each day, each
liquid (or concentration level) was recorded for 10 trials in
each container. In total, we collected 19x4x10x4 = 3040
trials. This design exposes the sensing system to variations in
wall material/thickness, diameter, and day-to-day setup con-
ditions, while providing repeated measurements for reliable
evaluation.

a) Per-trial acquisition workflow and logging.

Each trial follows the same sequence: initialization —
environment baseline — precontact — closing — hold —
release/done. At the start of each trial, the software starts a
continuous logger that writes one row to the CSV at a fixed
host-side rate of 25 Hz.

Before contact phases, we record a 5 s environment
baseline and compute a trial-specific baseline mean from
this window. Recomputing the baseline for every trial re-
duces sensitivity to slow drift and setup changes (e.g.,
cable routing, nearby objects, humidity), improving cross-
trial comparability.

After baseline, the bottle is placed into the hand at a
random pose without external fixtures. This avoids requiring
precise placement and increases realism. The adaptive grasp
controller then drives the hand toward a stable enveloping
grasp. After pressing “start,” the trial records 1 s of pre-
contact, then a variable-duration closing phase until stable
contact is achieved, followed by an 8 s hold window, and
finally release/done.

b) Sample definition, naming, and leakage prevention.

One CSV file corresponds to one complete trial, and
one file is treated as one sample. Each row includes
the current phase label, hand motor states, fingertip tac-
tile readings, the latest MCU mutual-capacitance values,
and the baseline-referenced delta signals computed us-
ing the trial-specific environment baseline. Filenames fol-
low: lig-<label>_ bid-<container>__d<day>

TABLE I: Performance comparison and delta/raw feature ablation under
Balanced and Date splits. Date denotes the Day-4 holdout split. Best results
are in bold. Bot. Acc./F1 are reported for CapTF only.

Model Metric Delta Raw
Balanced Date Balanced Date

Lig. Acc.  95.07%  90.00%  80.15%  68.82%
CapTF (Ours) Lig. F1 95.07%  89.89%  80.17%  68.28%
Bot. Acc.  99.34%  98.16%  96.82%  97.24%
Bot. F1 99.34%  98.16%  96.86%  97.26%
CapTF-Li Lig. Acc. 92.11% 86.51% 76.75% 65.79%
pir-tiq Lig. F1 90.90%  86.52%  76.72%  65.70%
Transformer Lig. Acc. 47.15% 45.00% 51.86% 43.29%
Lig. F1 47.16% 45.66% 51.74% 45.66%
LSTM Lig. Acc. 91.56% 83.68% 78.73% 67.11%
Lig. F1 91.53% 83.72% 78.80% 66.57%
XGBoost Liq. Acc. 79.39% 77.37% 57.35% 51.84%
Lig. F1 79.25% 77.50% 57.31% 51.77%

__r-<trial>.csv, <container> is one of {pet01,
pet02, glass0l, glass02}, <day> is {d1-d4}, and
<trial> indexes repetitions.

B. Training Details

All neural models are implemented in PyTorch 2.5.1 and
trained on an NVIDIA L40 GPU with a 12-core CPU. Data
splits are at the trial-file level to prevent temporal leakage.
The input sequence length is L =384 for all temporal models.

For CapTF, we use the AdamW optimizer with cosine-
annealing learning rate schedule, batch size 64, learning rate
5x 104, weight decay 1072, gradient clipping at 1.0, and
dropout 0.05. The default architecture hyperparameters are:
d=512, h=38, Ngnc =4, and dg =1024.

The vanilla Transformer baseline shares the same opti-
mizer, learning rate, and architecture dimensions (d = 512,
h =8, 4 layers, dg = 1024) but omits the CNN front-end,
residual blocks, and multi-head pooling. The LSTM baseline
uses a 4-layer network with 512 hidden units and the same
optimizer settings. XGBoost uses max depth 6, learning rate
0.1, subsample ratio 0.8, column sample ratio 0.8, and early
stopping with patience 50 over 500 boosting rounds. All
experiments use a fixed seed of 256 for reproducibility.

V. RESULTS

We evaluate CapTF against three baselines (vanilla Trans-
former, LSTM, XGBoost) under two split strategies: a bal-
anced split (stratified 70/30 by liquid-container condition)
and a date split (Days 1-3 train, Day 4 test). Both delta
(baseline-subtracted) and raw features are tested. All splits
are at the trial-file level to prevent leakage. We report overall
accuracy and macro-averaged Fl-score for liquid (19-class)
and container (4-class) classification. The liquid set is fine-
grained, including adjacent concentration levels and visually
similar household liquids with closely related through-wall
capacitive responses.

A. Liquid and Container Classification

Table [I| summarizes the results. Under the balanced split
with delta features, CapTF achieves 95.07% liquid accu-
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Fig. 4: Confusion matrices and representation analysis for CapTF with delta features under balanced and cross-day evaluation: (A) liquid confusion
matrix (balanced split), (B) liquid confusion matrix (date split: Day-4 holdout), (C) container confusion matrix (balanced split), (D) container confusion
matrix (date split: Day-4 holdout), and (E) t-SNE visualization of pooled embeddings for liquid classes.

racy and 95.07% macro-F1, outperforming LSTM (91.56%),
XGBoost (79.39%), and the vanilla Transformer (47.15%).
The balanced liquid confusion matrix (Fig. @A) is strongly
diagonal, indicating that most classes produce stable and
separable mutual-capacitance fingerprints once per-trial drift
is removed. The remaining errors cluster among water-based
mixtures, visually similar household liquids, and adjacent
concentration levels in the salt/sugar series, while liquids
with distinctive electrical responses (e.g., oil) are nearly
perfectly recognized.

The vanilla Transformer performs poorly (~43-52%
across settings), suggesting that self-attention alone is in-
sufficient for 4-channel capacitive sequences: the signal con-
tains short contact transients and longer steady-state plateaus
across grasp phases, requiring CapTF’s CNN front-end for
local temporal structure and Transformer encoder for long-
range phase-to-phase context.

CapTF simultaneously achieves near-ceiling container per-
formance: 99.34% container accuracy (balanced) and 98.16%
(date), as shown in Tablem The container confusion matrices
(Figs. BIC-D) show only rare errors, mainly between same-
material pairs (glass or PET bottles differing in thickness and
compliance), with glass-type confusions increasing under the
date split due to day-to-day variation.

Multi-task learning provides consistent gains for liquid
classification. Compared with the single-task variant CapTF-
Liq, CapTF improves liquid accuracy by 2.96 pp on the bal-
anced split (95.07% vs. 92.11%) and 3.49 pp on the date split
(90.00% vs. 86.51%). This is consistent with through-wall
capacitive sensing physics: the measured coupling depends
jointly on liquid properties and container wall properties.
Predicting container type encourages the shared backbone
to learn features that are less entangled with container-
dependent offsets, improving liquid separability.

B. Delta Features vs. Raw Features

The raw-vs-delta comparison in Table [I] serves as a fea-
ture ablation of the per-trial baseline-subtraction step. Delta
features substantially improve CapTF, LSTM, and XGBoost
across both split strategies, while the vanilla Transformer
shows mixed results. For CapTF, liquid accuracy increases

from 80.15% to 95.07% on the balanced split and from
68.82% to 90.00% on the date split. LSTM and XGBoost
show similar trends, improving from 78.73% to 91.56% and
from 57.35% to 79.39% on the balanced split, respectively,
with even larger gains on the date split. These results indicate
that raw mutual-capacitance measurements contain substan-
tial trial- and day-dependent offsets driven by environmental
coupling (e.g., grounding, cable routing, nearby conductors,
humidity). Such offsets can dominate class-dependent vari-
ation, especially for fine-grained concentration levels and
liquids with similar permittivity/conductivity when sensed
through a container wall. Per-trial baseline subtraction acts
as a lightweight calibration step that increases effective inter-
class margins and stabilizes learning.

Container classification also benefits from delta features
(99.34% vs. 96.82% on the balanced split; 98.16% vs.
97.24% on the date split), suggesting that baseline removal
sharpens wall-dependent coupling differences as well, par-
ticularly for thickness/compliance variation within the same
material family.

C. Generalization Across Days

The date split evaluates robustness to day-to-day changes
in ambient conditions and setup (e.g., hand placement,
contact pressure distribution, cable geometry, and back-
ground coupling). With delta features, CapTF drops from
95.07% (balanced) to 90.00% (date), while LSTM drops
from 91.56% to 83.68% and XGBoost drops from 79.39%
to 77.37%. CapTF maintains the best absolute Day-4 perfor-
mance, suggesting that its multi-scale temporal embedding
and global context modeling improve robustness to day-
specific artifacts.

The Day-4 liquid confusion matrix (Fig. @B) shows that
most classes remain well-recognized, but errors increase for a
small subset of challenging liquids and for adjacent concen-
tration levels. Confusions are most pronounced among water-
based liquids with additives (e.g., grape juice, handwash,
and some sugar/salt solutions), which likely have smaller
electrical separation through the container wall and are more
sensitive to contact variation. Liquids with more distinctive
responses (e.g., oil) remain stable on Day 4. Overall, the



results indicate that delta calibration and multi-task learning
are key for robust through-wall capacitive recognition, while
domain shift remains the main limiting factor for the hardest,
small-margin liquid pairs.

VI. CONCLUSION

We presented Touch2Know, a dexterous in-hand sensing
system for through-container liquid and container classifi-
cation using multi-channel mutual-capacitance fingerprints.
The system combines guarded/shielded flex-PCB electrodes,
an adaptive grasp controller, and CapTF, a multi-task CNN-
Transformer for 4-channel capacitive time series. On a
dataset of 19 liquid classes and four container types collected
over four days, CapTF achieves 95.07% liquid accuracy
and 99.34% container accuracy under a balanced split, and
90.00% liquid accuracy and 98.16% container accuracy on
the Day-4 holdout test. These results show that baseline-
subtracted mutual-capacitance signals provide discriminative
non-visual cues for in-hand liquid recognition.

Current limitations include the restricted set of bottle
types and the near-full fill condition. Future work will study
broader container geometries, fill-level variation, calibration
transfer, open-set recognition, and integration with down-
stream manipulation tasks such as pouring and handover.
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