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Abstract

Real-time monitoring of vital signs in offices enables
health promotion, stress management, and workplace op-
timization. This paper presents SeatVitals, a geophone-
based system for unobtrusive and privacy-preserving mon-
itoring of heartbeats and respiration, designed for seam-
less deployment under office chairs without user involve-
ment. In workplace settings, however, the acquired sig-
nals are often heavily contaminated by diverse environ-
mental noise, and labeling heartbeat time series remains
inherently challenging. To address these issues, SeatVitals
adopts a two-stage learning strategy. To overcome these
challenges, SeatVitals first applies self-supervised con-
trastive learning on large-scale, high-quality sleep data
with lower noise levels to learn stable feature represen-
tations. The model is then fine-tuned on limited, noisier
seated data by aligning these representations with target
labels. By leveraging abundant clean unlabeled data to-
gether with limited noisy labeled data, SeatVitals achieves
both robust generalization and high accuracy in workplace
vital sign estimation. Evaluation across 32 subjects yields
a mean absolute error (MAE) of 2.44 bpm for heart rate
(HR) and 2.20 bpm for respiration rate (RR). The system
also achieves competitive performance with only 5% of la-
beled data for HR and 15% for RR, demonstrating strong
label efficiency. These results highlight SeatVitals as a re-
liable and practical solution for healthcare and wellness
monitoring in future smart offices.

1. Introduction
Real-time monitoring of vital signs in workplace set-

tings offers significant potential for promoting health, sup-
porting stress management, and enabling intelligent envi-
ronmental adaptation in modern smart offices[1, 2]. Exist-
ing approaches fall into two categories: wearable devices
and contactless methods, but both face limitations when
applied in workplace environments.

Wearables provide high-fidelity physiological sig-
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nals [3], but direct contact can interfere with typing
and precision tasks and may be uncomfortable for users
with sensory sensitivities. Contactless cameras [4] and
mmWave systems [5] improve comfort but raise privacy,
installation, and perceived-surveillance concerns that may
limit workplace acceptance.

To address these limitations, we present SeatVitals, a
seismic sensing system that captures subtle heartbeat vi-
brations with a geophone placed beneath the chair, en-
abling contactless monitoring of vital signs in seated sce-
narios. The design is inherently privacy-preserving and
can be seamlessly integrated into workplace environments
without imposing burden or discomfort on users, as illus-
trated in Fig. 1.
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Figure 1: SeatVitals in Working Space

However, the seismic signals collected by the geophone
beneath the chair are inherently noisy. Such noise stems
not only from the distance and unknown obstructions be-
tween the heart and the sensor but also from diverse envi-
ronmental vibrations in workplace settings, including foot-
steps and air conditioning. SeatVitals employs a two-step
learning framework that transfers knowledge from large-
scale, high-quality sleep data to noisy seated data, miti-
gating workplace noise and enabling robust estimation of
HR and RR. In the first stage, self-supervised contrastive
learning on a large unlabeled sleep dataset, where signals
are cleaner and more abundant, yields stable feature repre-
sentations. In the second stage, supervised fine-tuning on
seated data aligns these representations with target labels.
We summarize our contributions as follows:
1. A geophone-based, contactless, and privacy-preserving
system for vital sign monitoring in seated scenarios is de-



veloped, enabling real-time and accurate estimation of HR
and RR.
2. A two-step learning framework is proposed, which re-
quires only a small amount of labeled data while overcom-
ing the highly noisy signals in workplace settings.
3. Subject-independent evaluation on 32 seated partici-
pants is conducted, where SeatVitals achieves MAE of
2.44 bpm for HR and 2.20 bpm for RR. With only 5%
of labeled data for HR and 15% for RR, the system still
attains MAEs of 3.25 bpm and 2.22 bpm, respectively.

2. Background and Platform Description
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As shown in Fig. 2a, SeatVitals consists of a Raspberry
Pi, a 100-Hz analog-to-digital converter, and a vertical
geophone. The geophone uses a magnet-and-coil struc-
ture to convert motion into electrical signals, enabling the
capture of subtle cardiac microvibrations (Fig. 2b).

Most existing geophone-based health monitoring sys-
tems focused on on-bed scenarios [6–21], where signals
generally exhibit higher quality and favorable signal-to-
noise ratios. Geophones have also been investigated for
activity recognition in office environments [22]. However,
seismic sensor-based contactless vital sign estimation in
seated scenarios remains largely underexplored.

3. Methodology
3.1. Signals Pre-processing

We refer to geophone-recorded signals as cardiac seis-
mic signals. Because they are measured by seat-mounted
sensors far from the heart and are affected by the seat struc-
ture, they exhibit high noise and complex, time-varying
waveforms. As shown in the first row of Fig. 3, these
signals lack clear morphological landmarks and are dom-
inated by harmonics, while the fundamental frequency is
often masked by noise. We therefore preprocess each raw
signal Xi to extract heartbeat patterns Xi

h and respiration
patterns Xi

r.
A 2–12 Hz band-pass filter suppresses high-frequency

interference and low-frequency artifacts, yielding clearer
heartbeat waveforms (second row of Fig. 3). Because res-
piration is not directly observable in geophone velocity
signals, we first integrate them into displacement, which
better captures chest motion, and then apply a low-pass fil-
ter to extract respiration patterns (third and fourth rows).

Figure 3: First row: raw data lacking clear morphological landmarks,
with continuously varying waveforms. Second row: pre-processed sig-
nals for heartbeat patterns. Third and fourth rows: pre-processed signals
for respiration patterns. Last row: result of directly applying a lowpass
filter to the raw data.

Direct low-pass filtering of the raw velocity signals pro-
duces meaningless outputs (last row).

3.2. Self-Supervised Contrastive Learning
As shown in Fig. 4, the encoder and projector are first

pre-trained on large-scale unlabeled in-bed data using con-
trastive learning. During fine-tuning, seated signals are en-
coded while the regressor is optimized with labeled regres-
sion loss and the projector with representation loss for HR
and RR estimation.

3.2.1. Data Augmentations
To promote feature invariance and enable robust con-

trastive learning in the pre-training stage, we apply aug-
mentations that preserve the inherent periodicity of heart-
beat and respiration patterns. Specifically, we use: (a) Flip-
ping, which mirrors the input signal horizontally; (b) Scal-
ing, which adjusts the signal amplitude within the range
0.7–1.3. After these transformations, Gaussian noise with
zero mean is added.

The extracted heartbeat and respiration signals (Xi
h, X

i
r)

are augmented to generate paired views (X1i
h , X2i

h ) and
(X1i

r , X2i
r ). Since HR and RR models are trained indepen-

dently, both signals are denoted as xi for simplicity, with
paired views expressed as (x1

i , x
2
i ).

3.2.2. Contrastive Representation Learning
To learn robust representations without labels, super-

vision is provided by constructing positive and negative
pairs. Positive pairs are formed from two augmented views
of the same input, while negative pairs are formed from
different samples.

As illustrated in Fig. 4, two augmented views of sam-
ples xi and xj are processed by a shared encoder, and the
resulting representations are further mapped by a projec-
tor into the contrastive embedding space. A contrastive
loss is then employed to encourage higher similarity be-



Strided Dilated 

Conv 1D

Weight Norm

ReLU

Dropout

Batch Norm

ReLU

Dropout

1*1 Conv

+

𝑥𝑖
1

𝑥𝑖
2

𝑥𝑖

P
ro

je
ct

o
r

R
eg

re
ss

o
r

E
n

co
d

er

𝑥𝑗
1

𝑥𝑗
2

𝑥𝑗
𝑧𝑗
1

𝑧𝑗
2

𝑧𝑖
1

𝑧𝑖
2

𝑥𝑖

𝑥𝑗

𝑧𝑖

𝑧𝑗

ො𝑦𝑖

ො𝑦𝑗

𝑦𝑖

𝑦𝑗

P
ro

je
ct

o
r

E
n

co
d

er

Strided Dilated 

Conv 1D

Weight Norm

ReLU

Dropout

Positive Pair

Negative Pair

× K

ℒ𝑅

ℒ2

ℒ𝐶

ℒ𝑆

Self-Supervised Pre-Training

Supervised Fine-Tuning

Figure 4: Overview of the proposed two-step framework.

tween embeddings derived from the same input (z1i , z
2
i ),

while reducing similarity with embeddings from other in-
puts (e.g., z1i , z

2
j ). Formally, the instance-level loss is

defined as ℓci = − log
exp(sim(z1

i ,z
2
i )/τ)∑2N

j=1 1i̸=j exp(sim(zi,zj)/τ)
where

sim(u, v) = uT v
|u|·|v| denotes cosine similarity, and τ is the

temperature parameter. The overall contrastive loss LC is
then averaged across all 2N views: LC = 1

2N

∑2N
i=1 ℓ

c
i .

The shared encoder structure, shown in the right panel
of Fig. 4, is composed of stacked residual blocks. Each
block contains two strided dilated 1D convolution layers
with weight normalization, ReLU activation, and dropout,
along with a parallel 1 × 1 convolution to form a resid-
ual connection. The outputs are merged via a skip connec-
tion, followed by batch normalization, ReLU, and dropout.
This structure enables efficient temporal feature extraction
while maintaining stability.

3.3. Supervised Representation Learning

Pre-training learns invariant representations, while su-
pervised fine-tuning aligns them with labels to emphasize
task-relevant features [23].

To achieve this, the representation loss is introduced to
encourage samples with similar labels to lie closer in the
latent space. The instance-level loss is defined as:ℓri,j =

∥d(zi, zj) − |yi − yj | ∥22, where yi and yj are the ground-
truth labels of xi and xj , zi and zj are their corresponding
representations, and d(·) denotes the Euclidean distance.
This loss preserves instance-specific features while main-
taining consistency with the label space. The overall rep-
resentation loss LR is LR = 1

N2

∑N
i=1

∑N
j=1 ℓ

r
i,j

For estimation tasks, a regressor is introduced. The re-
gression loss is defined as L2 =

∑N
i=1 ∥ŷi − yi∥22, where

ŷi denotes the predicted vital sign for sample i, and yi is
the corresponding ground-truth label. This prediction er-
ror is incorporated into the fine-tuning objective, yielding
the overall supervised loss: LS = L2 + λ · LR, where λ is
an adjustable hyperparameter. During inference, only the
encoder and regressor are used.

4. Evaluation
4.1. Evaluation Details

The model was pre-trained on approximately 400 hours
of in-bed data from 60 subjects and fine-tuned on 32 seated
subjects with approximately 5-minute recordings. FDA-
approved CareTaker4 measurements provided HR and RR
ground truth. HR and RR were estimated from 10-s
and 20-s segments, respectively, using subject-independent
train-test splits. Performance was assessed by mean ab-
solute error (MAE), standard deviation (STD), and mean
absolute percentage error (MAPE).

4.2. Overall Performance
SeatVitals is compared against the following baselines:

(1) HB-phone [8, 9], the first geophone-based system that
can accurately monitor the HR, RR in realistic settings; (2)
Seismic-based System [7] developed for sleep monitoring;
and (3) Fully Supervised Learning, where both the encoder
and the regressor are trained end-to-end using all labeled
seated data. As shown in Table 1, the proposed two-stage
framework consistently outperforms all baselines in MAE,
STD, and MAPE for both HR and RR estimation.

Table 1: Performance comparison with baselines. Bold
indicates the best performance for each vital sign.

Method Vital MAE ↓ MAPE ↓ STD ↓
[8, 9] HR 7.12 0.103 17.06

RR 4.48 0.342 3.36

[7] HR 3.88 0.050 8.82
RR 3.37 0.243 2.83

SUPERVISED
HR 3.33 0.046 4.71
RR 2.28 0.190 1.69

PROPOSED
HR 2.44 0.033 4.30
RR 2.20 0.183 1.57

4.3. Limited Labeled Data Evaluation
We evaluated the proposed model using limited labeled

data (5% for HR and 15% for RR) and the full dataset,
against two baselines: supervised training on seated data
and pre-training on sleep data followed by seated-data
fine-tuning. As shown in Fig. 5, our model consistently
outperforms both baselines, particularly when labels are
scarce. Using only 5% of HR labels or 15% of RR la-
bels, it achieves performance comparable to fully super-
vised training on all seated data, demonstrating strong la-
bel efficiency.

Figure 5: Compare with Fully Supervised Learning
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