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SiVe: See Into the Vehicle’s Hidden Persons via Laser
Doppler Vibrometer
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Abstract—Detecting stowaways hidden in various transport ve-
hicles, including cars, trucks, containers, and trailers, is crucial
to border security inspection systems. Existing solutions mainly
rely on contact-based sensors and manual inspection, which sig-
nificantly compromise the efficiency of border control operations.
Therefore, there is an urgent need for an automated, efficient and
fast non-contact vehicle hidden person detection system. In this
paper, we propose SiVe, a novel border inspection system that
utilizes laser Doppler vibrometer (LDV) to detect hidden people
in the vehicle. We extract signals associated with human activities
(such as breathing, heartbeat, low-frequency body movements, etc.)
from complex laser reflection data to detect the presence of hidden
people. Specifically, we first employs the Empirical Mode Decom-
position (EMD) algorithm to extract and reconstruct signals asso-
ciated with human activities in complex and noisy environments.
Then based on the characteristics of EMD outputs, we design a
Time-series Variation Feature extraction Identification network
(TVFI-net) model that accurately captures complex time-varying
patterns for efficient and reliable detection of hidden people pres-
ence. Extensive real-world experiments validate the effectiveness of
SiVe in various environments. The system achieves an average pres-
ence detection accuracy of 99.93% for sedans and MPVs, 98.37%
for light trucks, 98.07% for heavy trucks, and 95.23% for trailers
in non-contact detection of hidden people across twelve different
vehicle types, under various indoor and outdoor environments.
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I. INTRODUCTION

IN RECENT years, the robust growth of the cross-border
transportation and logistics sectors has simultaneously cre-

ated opportunities for illicit activities. Vehicle compartments
(sedans, SUVs, vans, etc.) due to their high concealment ca-
pabilities and significant load capacity, are particularly sus-
ceptible to being used to hide illegal immigrants, victims of
human trafficking, contraband, and even members of terrorist
organizations. This illicit smuggling poses serious threats to
social security, public health, and social stability. Since 2021,
more than 3.3 million people have attempted illegal border
crossings in the United States, leading to a total expenditure
by the federal government of 72.8 billion dollars and state and
local governments spending over 115.6 billion dollars on issues
related to illegal immigration [1].

Existing solutions for detecting people in enclosed spaces
include X-ray scanning [2], [3] and vibration sensors [4], [5].
While these methods have achieved good results in certain
scenarios, they also have significant limitations. For example,
X-ray scanning lacks penetration when encountering thick ve-
hicle bodies. Vibration sensors require direct contact with the
target object. This not only increases operational complexity but
also poses safety risks to inspectors, especially when dangerous
individuals may be hiding in the vehicle. Furthermore, manual
inspection is time-consuming, labor-intensive, and inefficient,
making them unsuitable for large-scale rapid security checks
and automated customs clearance processes.

To tackle these challenges, in this paper, we propose SiVe,
which centered around the use of Laser Doppler Vibrometers
(LDV). SiVe aims to achieve precise and efficient detection of
individuals within enclosed spaces through the high sensitivity
and non-contact nature of LDV technology. The extremely short
wavelength of lasers enables sub-micron to nanometer-level
high spatial resolution [6], [7], ensuring highly accurate non-
contact measurement of minute vibrations. The high direction-
ality and focusing ability of lasers allow for precise targeting
and measurement of vibrations in specific areas [8], [9]. Con-
sequently, LDV can measure subtle vibrations on surfaces at
a distance, capturing even the most minute biological signs,
such as those induced by breathing or heartbeat [10], [11],
[12], to ascertain the presence of living beings within confined
spaces.
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SiVe operates based on the laser Doppler effect: when a laser
beam strikes a vibrating surface, the reflected light experiences
a frequency shift corresponding to the vibration frequency. By
employing signal processing algorithms with deep learning,
SiVe deciphers the information embedded in these vibration
signals, providing strong evidence for the detection of illic-
itly concealed individuals within confined spaces. Compared
to contact-based detection methods, SiVe not only eliminates
the safety risks associated with direct contact but also enhances
detection efficiency and accuracy.

Despite its promising potential, the SiVe solution utilizing
LDV faces two core challenges in transitioning into a practical
detection system:
� Signal Extraction and Noise Suppression: In real-world

scenarios, the environments surrounding enclosed trucks or
containers are typically rife with various vibration sources,
ranging from ground traffic vibrations to wind effects, and
even the operation sounds of nearby machinery. These
factors introduce substantial background noise that can
interfere with the signals captured by the LDV. Hence,
precisely extracting weak vibration signals associated with
human activity from a complex, noisy environment be-
comes a critical hurdle for the SiVe technology. Effective
signal processing algorithms must be capable of identifying
and filtering out irrelevant noise, ensuring that even under
adverse conditions, subtle vibrations indicative of human
vital signs can be accurately detected.

� Efficient and Accurate Human Detection: Even after suc-
cessfully isolating vibration signals related to human activ-
ity, the SiVe must possess robust signal analysis capabilities
to efficiently and accurately distinguish whether there are
individuals concealed within the confined space. This en-
tails a deep understanding and modeling of signal charac-
teristics, including discerning human vital signs from other
types of vibration patterns, such as cargo movement or
vehicular vibrations. Given the diversity of vehicle interior
structures and the uncertainty of hiding locations, devel-
oping a versatile and adaptable signal analysis model that
performs consistently across different scenarios and condi-
tions represents another significant challenge to achieving
both the practicality and reliability of the SiVe.

To realize the detection of hidden people in the vehicle, we first
employ Empirical Mode Decomposition (EMD) to preprocess
and isolate faint signals associated with human motion. Sub-
sequently, we design a neural network model, which, through
training, learns to discriminate between human movement and
noise in the processed signals, thereby enabling accurate deter-
mination of an individual’s presence within an enclosed space.
Extensive experiments demonstrate that our system achieves
efficient and precise hidden-person detection across various
vehicle types.

Overall, we summarize the contributions of SiVe as follows:
� We propose a LDV-based system for non-contact, high-

precision detection of persons in enclosed spaces, address-
ing the limitations of conventional detection methods.

� We design signal processing algorithms that enable SiVe
to extract faint vibration signals associated with human

activity from substantial background noise in complex real-
world environments, ensuring the accuracy and reliability
of the detection process.

� Through the construction of a deep neural network model,
SiVe is capable of efficiently and accurately distinguishing
whether individuals are concealed within enclosed spaces,
maintaining high detection accuracy even amidst varied
vehicular interior structures and uncertain hiding positions.

� SiVe exhibits versatility across diverse scenarios and
demonstrates high-precision detection capabilities in intri-
cate environments. This substantiates its practicality and
dependability as a solution for detecting individuals in
enclosed spaces, offering robust technological support for
enhancing societal security measures.

II. BACKGROUND AND MOTIVATION

A. Laser Doppler Basics

The LDV operates based on the Doppler effect,which de-
scribes the frequency shift of light reflected from a moving
surface. When a laser beam strikes a vibrating surface, the
reflected light experiences a frequency shift proportional to the
velocity of the surface motion. This principle is mathematically
expressed as:

fD =
−2v(t)

λn
, (1)

where fD is the Doppler frequency shift, v(t) is the surface
velocity, and λn is the wavelength of the laser adjusted for the
refractive index of the medium (e.g., air).

B. Interferometric Measurement of the Light Phase

1) Detection of Light: For a given detector bandwidth B,
the photodiode is capable of converting the light energy (mea-
sured in terms of optical power P) irradiated on it into a cor-
responding electrical signal, i.e., the photogenerated current
iP = KP · Z0· < E2(t) >.

In photodiodes, sensitivityKP , reflecting optical-to-electrical
power conversion, is 0.5 A/mW in the visible, rising to 1
A/mW at 1550 nm, showing wavelength dependence. Free space
impedance Z0 is approximately 376,73 Ω is based on constants
μ0 (magnetic permeability) and ε0 (electric permittivity).

2) Interferometric Detection: For the accurate detection of
swift or infinitesimal changes in electric fields, the application
of ‘beat frequency’ techniques, which involve the superposition
of measurement beams(Em) and reference beams(Er) to gen-
erate a lower frequency beat signal, becomes indispensable.
Following this, the signal is processed by a photodiode and a low-
pass filter to ensure its frequency is suitable for measurement
by a high-speed photodetector. The interferometer physically
superimposes these two light beams, facilitating their spatial
interference.

Ẽ(t) =
√
r · Ẽm,0 cos(ωt+ ϕ(t)) + Ẽr,0 · cos(ωt). (2)

In the experiment, the beam separator superimposes two
beams and the reference light intensity is halved. The inter-
ference is converted to an electrical signal, low-pass filtered to
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Fig. 1. Usage scenarios of SiVe, non-contact detection of hidden persons in
vehicles using laser Doppler vibrometer.

Fig. 2. The basics of LDV.

remove noise, and the electric field strength squared is calculated
to extract the interference key data.

< Ẽ2(t) >= r · Ẽ2
m,0 + 2 · √r · η · Ẽm,0 · Ẽr,0

· cos(ϕ(t)) + Ẽ2
r,0. (3)

η is a correction factor used to characterize and quantify the
degradation of signal quality caused by wavefront aberrations.

3) Heterodyne Interferometers: The heterodyne method
minimizes the technical noise in the detector and suppresses
harmonic distortions in the detector by means of suitable filters,
as well as enhancing the signal-to-noise ratio of the signal.
Fig. 2 show an example of such an interferometer setup based
on the asynchronous frequency mixing principle.

In this setup, frequency mixing is achieved by changing the
frequency of the measured light relative to the reference light
using a carrier frequency ωc. The resulting photocurrent is
converted into a voltage signal uTIA. Using a transimpedance
amplifier (TIA). The detector bandwidth B is typically set to
twice the carrier frequency ωc. To eliminate DC bias and ensure
response to only dynamic signals, the system often employs AC
coupling or bias removal techniques. Balanced detection is one
of the most effective approaches for this purpose, using two
nearly identical photodetectors receiving optical signals that are
90 degrees out of phase.

Therefore, with the balanced detection technique, the final
output signal of the detector is essentially twice the product of
the electric field amplitude of the measured light (Em) and the

Fig. 3. Preliminary experiment.

reference light (Er), i.e., 2 · Ẽm · Ẽr = Em · ErEm.

uTIA,B(t) = 2 ·RTIA ·KP ·
√
r · η ·

√
Pm ·

√
Pr

· cos (ωct+M · sin(Ωt)) , (4)

Pr is the reference beam power and Pm is the measured beam
power.

4) Proof-of-Concept: A rudimentary experiment was de-
vised and executed to substantiate the practicability of employ-
ing LDV for the detection of obscured occupants within an
automobile. As depicted in Fig. 3(a), the experimental protocol
required the participant to be placed inside a motionless vehicle.
The LDV was utilized to irradiate the car’s exterior, enabling
continuous surveillance to discern infinitesimal oscillations,
which were subsequently attributed to heartbeat activity.

Our experiments validate our hypothesis: regardless of an
individual’s position within the vehicle cabin, the data collected
by LDV can be processed using our extraction algorithm to
reveal signals like the one shown in Fig. 3(b), which aligns with
human Heartbeat patterns (as confirmed by the baseline device
worn by the subject). In contrast, such signals are typically
absent in tests conducted with an empty vehicle. This finding
highlights the potential of LDV as a reliable non-contact tool for
health monitoring and detection, especially in scenarios where
individuals may be concealed in hidden locations.

III. SYSTEM DESIGN

A. System Overview

Our SiVe system is a cutting-edge personnel presence detec-
tion system that employs LDV technology, dedicated to achiev-
ing high-precision detection of individuals concealed within
enclosed spaces under non-contact conditions.

Fundamental Principle: SiVe is based on the principle of
structural vibration transmission rather than laser penetration.
When occupants inside a vehicle breathe, move, or have cardiac
activity, their micro-movements exert dynamic forces on the
seat and cabin structure. These forces propagate through the
vehicle’s mechanical system (contact surface → chassis →
body shell), inducing minute vibrations on the external surface
(e.g., door, hood). The LDV detects these surface vibrations in
a non-contact manner by measuring the Doppler shift of the
reflected laser beam. Although the displacement amplitude is
extremely small (sub-micron to micron level), modern LDVs
offer sufficient sensitivity to capture such signals, especially
when combined with advanced signal processing techniques.
This physical mechanism enables non-invasive detection of
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Fig. 4. System overview (1) Vibration Data Acquisition using LDV, (2) Signal Pre-processing via low-pass filtering and EMD decomposition, and (3)
Categorization through a TVFI-net model. The system leverages LDV’s high-resolution vibration signals and EMD-based feature extraction to enable non-contact
detection of hidden individuals in vehicles.

hidden individuals without requiring any modification to the
vehicle.

Similar structural-vibration-based human sensing approaches
have been demonstrated in infrastructure monitoring and smart
building applications [4], [5].

As depicted in Fig. 4, the system comprises three main phases:
(1) Vibration Data Acquisition; (2) Signal Pre-processing; (3)
Categorization. During the Vibration Data Acquisition phase,
the SiVe system utilizes LDV technology to emit laser beams
onto the vehicle under inspection, capturing raw vibration sig-
nals as the system input. These raw signals are contaminated
with substantial noise, hence in the Signal Pre-processing phase,
the SiVe system initially applies a low-pass filter to eliminate
background noises that have significantly different frequencies
from human biometric signals. Subsequently, the EMD algo-
rithm is used to decompose the preliminary denoised signals
into multiple IMF components, extracting vibration information
closely associated with human biometric features.

In the Categorization module, the SiVe system takes the IMF
components derived from the previous step as input, utilizing
their statistical features to train a neural network model. Ulti-
mately, this module is capable of making precise judgments on
the initial input signals, categorizing them as “No anomaly”,
“Single person present”, “Two people present”, and “Multiple
people present”, thereby realizing accurate detection of indi-
viduals hidden within confined spaces. This series of processes
ensures that the SiVe system maintains high-performance detec-
tion capabilities even in complex environments.

B. LDV Signal Preprocessing

The raw vibration signals (collected from a Peugeot 2002, one
measurement point, laser distance of 80 cm, no special surface
treatment (natural reflection), outdoor environment) captured
are contaminated with a significant amount of noise, as illus-
trated in Fig. 5(a). The presence of this noise greatly complicates
the subsequent extraction of vital signs signals. To improve
signal quality and enhance detection accuracy, considering that

Fig. 5. Enhanced signal quality through digital filtering techniques.

human-related signals are primarily low-frequency signals, we
applied a 10 Hz Butterworth low-pass filter to process the
signals. The filter order was set at 4th order, providing sufficient
attenuation capability while avoiding excessive computational
complexity, ensuring processing efficiency. Fig. 5(b) presents
the signals after filtering, and we can clearly observe that,
compared to the original signals, the noise components have
been significantly suppressed.

After noise reduction, we apply the EMD to decompose the
preliminarily denoised signal. EMD proposed by Dr. Norden
E. Huang [13] from the NASA Goddard Space Flight Center,
is an advanced time-frequency signal analysis method. This
method is particularly well-suited for the analysis of nonlin-
ear and non-stationary signals, while also being effective for
linear and stationary signals. Compared to other time-frequency
analysis techniques, EMD-based methods not only capture the
intrinsic variation characteristics of signals more accurately, but
also demonstrate superior performance in analyzing linear and
stationary signals, providing a more precise representation of the
physical meaning underlying the data. Therefore, EMD offers
a unique and powerful tool for investigating the time-frequency
characteristics of complex signals, regardless of whether they
exhibit linearity or stationarity. The distinct advantage of this
approach lies in its adaptability, making it an ideal choice for
the analysis of a wide variety of signal types.

Specifically, EMD has been widely applied in biomedical
signal processing, where it has proven effective in extracting
meaningful physiological components from noisy or mixed
signals. Representative applications include: Electrocardiogram
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Fig. 6. EMD decomposition yields seven modes from the original signal
(Collected from a Peugeot 2002 under outdoor conditions, using a single
measurement point at a laser distance of 80 cm, with natural surface reflection
and no special surface treatment).

(ECG) denoising, using EMD to separate cardiac components
from muscle artifact noise [14]; EEG rhythm extraction, de-
composing electroencephalographic signals to isolate α, β,
and other neural oscillations [15]; Respiration extraction from
non-respiratory signals, leveraging EMD to recover respira-
tory information embedded in ECG, blood pressure (BP), and
photoplethysmographic (PPG) signals, as demonstrated on the
MIMIC database [16]. These studies highlight EMD’s capabil-
ity to disentangle physiologically meaningful oscillations from
complex, multi-component signals—particularly in low signal-
to-noise ratio (SNR) environments. Inspired by these successes,
we employ the EMD as a foundational step to decompose
vehicle’s micro-vibration signal into intrinsic mode functions.
Each function can be used to capture distinct physical dynamics,
including those induced by human respiration and heartbeat.

Note that EMD is a data-driven method that adaptively decom-
poses a signalx(t) into a set of Intrinsic Mode Functions (IMFs),
each representing different time-scale characteristics inherent in
the original signal. This decomposition is performed iteratively
through a process known as sifting.

Two key criteria must be satisfied for a component to qualify
as an IMF:
� R1: The number of local maxima and local minima in the

IMF should differ by at most one, and the number of zero
crossings should be close to the number of extrema.

� R2: At any given time instant, the mean of the upper
envelope (defined by local maxima) and the lower envelope
(defined by local minima) should be approximately zero.

These rules ensure that each IMF reflects meaningful oscil-
latory modes within the signal. Specifically, R1 prevents exces-
sively long monotonic intervals, preserving local fluctuations,

Algorithm 1: Empirical Mode Decomposition (EMD).

Require: Signal x(t), Threshold ε
Ensure: Intrinsic Mode Functions (IMFs) IMFj

1: Initialize residual signal r0(t)← x(t)
2: Initialize IMF counter j ← 1
3: while number of extrema in rj(t) ≥ 2 do
4: Initialize hj,0(t)← rj−1(t)
5: Initialize iterations i← 1
6: while SD(i) ≥ ε do
7: Identify all local maxima and minima

of hj,i−1(t)
step for R1: Ensure extrema count
difference ≤ 1

8: Compute the upper and lower envelopes
Uj,i−1(t), Lj,i−1(t) by interpolating
step for R2: Symmetry via envelope mean

9: Calculate the mean of the envelope
μj,i−1(t) =

Uj,i−1(t)+Lj,i−1(t)
2

R2: Zero-mean envelope
10: Update hj,i(t)← hj,i−1(t)− μj,i−1(t), i← i+ 1

Sifting process to enforce R2
11: Calculate standard deviation SD(i) as stopping

criterion.
12: end while
13: Set IMFj(t)← hj,i(t)
14: Update residual signal rj(t)← rj−1(t)− IMFj(t)
15: Increment IMF counter j ← j + 1
16: end while

while R2 ensures symmetry and eliminates any global trend in
the IMF.

Unlike traditional wavelet or filter-based decomposition
methods, EMD does not rely on predefined basis functions or
filters. Instead, it dynamically constructs IMFs based on the
intrinsic characteristics of the signal itself, making it highly
adaptive. It is important to note that for EMD to function
properly, the original signal x(t) must contain at least one
local maximum and one local minimum. This ensures sufficient
information for initiating the sifting process.

After EMD the initial signal x(t) is decomposed into IMFj(t),
j = 1,. . ., C, and the residual rC(t) = x(t)−∑C

j=1 IMFj(t),
C represents the number of modes, which is determined based
on the stopping criterion SD, so that C varies according to
the characteristics of the signal itself. The screening process
helps to eliminate excess fluctuations and smooth amplitudes. By
limiting the size of the standard deviation SD of two consecutive
screening results (typically the SD threshold is set between
0.2 and 0.3) it is ensured that the extracted IMF components
retain the full physical significance of the signal in terms of
amplitude and frequency modulation. Fig. 6 shows that our
EMD method decomposes the raw signal into seven modes,
including heartbeat (IMF1), ground vibration (IMF2) and
respiration (IMF3), as well as other residual noise and trend
component (IMF4-IMF7).
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Fig. 7. Schematic network structure of TVFI-net: transforms 1D time series into 2D tensors to capture intra-period and inter-period temporal variations.

Fig. 8. Equipment and experimental scenario implementation.

C. Deep Learning Networks

1) Feature Extraction From Inputs: During the classification
phase, the proposed neural network architecture aims to cate-
gorize the input data into four distinct classes: “No anomaly”,
“Single person present”, “Two people present”, and “Multiple
people present”. The input consists of the IMFs obtained from
the previous decomposition step. Here, we only consider the
first seven effective components. To effectively identify these
data patterns, we need to extract a set of features from these
IMFs components. The features we aim to extract include:

1) Means and standard deviations of each IMFs component

μ = 1
|x|

∑|x|
i=1 xi and δ =

√
Σ
|x|
i=1(xi−μ)2
|x| ;

2) Maximum and minimum values of IMFs;
3) The skewness (Skew(x) = E(x−μ)3

δ3 ;)

4) The kurtosis (Kurtosis(x) = E(x−μ)4
δ4 ;)

5) root sum square θ =

√∑|x|
i=1 χ

2
ω

;
6) The q-quantiles (q=0.25, 0.5, 0.75).
2) EMD Decomposition and Feature Set Construction:

As show in Fig. 7, we have processed the acquired vibration
data by decomposing it into seven components using the EMD
algorithm, from which nine statistical features are extracted from

each component, forming a feature set of size 7× 9. This feature
set is subsequently concatenated into a new one-dimensional
time series to serve as input for the TVFI-net. Compared with
directly training on raw data, this approach offers significant
advantages. First, EMD can effectively separate different
frequency components and reduce noise influence, allowing
the model to focus on useful information in the signal. Second,
this method enhances feature representation and reveals
patterns hidden within complex vibration signals, thereby
improving classification performance. Additionally, converting
high-dimensional time series into fixed-length feature vectors
simplifies the problem, reduces computational complexity,
accelerates training speed, and enhances the generalization
ability of the model. Since EMD is an adaptive decomposition
method, it can automatically adjust its scale according to the
characteristics of the signal, making it especially suitable
for non-stationary and nonlinear vibration signals, thus better
capturing their intrinsic changes. Meanwhile, the different IMFs
obtained from EMD decomposition reflect signal features at
multiple scales, aiding the model in understanding comprehen-
sive temporal dependencies and improving prediction accuracy.

3) Advantages of the TVFI-Net Model: TVFI-net is an in-
novative time series analysis model specifically designed to
capture and model complex multi-periodic variations. Since a
single time point in vibration analysis often fails to provide
sufficient semantics for analysis, much of the work focuses on
temporal changes, which are more informative and can reflect the
inherent characteristics of the time series. However, in practical
applications, the time series involved in vibration analysis entail
complex temporal patterns, primarily including the following
aspects:

Multi-periodicity: Within each specific period represented by
an IMF, there may exist subtle changes or fluctuations. For
instance, in vibration signals caused by human heartbeat or
respiration, even signals within the same period might exhibit
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minor time-dependent variations. There may be interactions or
correlations between different IMFs, manifesting as changes
between adjacent periods. For example, heartbeat and respira-
tion are two independent periodic activities that can influence
each other under certain circumstances, leading to coupling or
synchronization phenomena between cycles.

Nonlinearity and Non-stationarity: In practice, vibration sig-
nals are often not simple sinusoidal waveforms but contain
complex nonlinear dynamics. For example, human vital sign
signals (such as heart rate variability) typically display nonlinear
characteristics, making it challenging to extract these features
directly from a one-dimensional time series. The statistical
properties of vibration signals change over time, meaning that
the signal is not constant. For instance, a concealed individual’s
heart rate might vary due to factors such as anxiety or ambient
temperature, which adds complexity to signal analysis due to
this non-stationarity.

Local and Global Features: Certain crucial information may
only exist within specific time intervals or segments of a cycle.
For example, a sudden movement or a pause in breathing might
appear briefly in a particular IMF. On the other hand, some
features span the entire time series, reflecting longer-term trends
or patterns. For example, a person’s overall health condition or
emotional state could be mirrored in their long-term heart rate
and respiratory patterns.

Multiscale Nature: Vibration signals may simultaneously en-
compass changes across multiple scales. For example, heartbeat
is a periodic activity on a shorter timescale, whereas respiration
occurs on a longer timescale.

4) Network Architecture of TVFI-Net: 2D Tensor Convert:
To overcome these challenges, our TVFI-net reshapes the one-
dimensional time series into two-dimensional temporal tensors.
Each column of these 2D tensors contains time points within
a specific time interval, while each row represents time points
at the same phase across different intervals. By doing so, we
transcend the limitations of one-dimensional time series and
obtain a 2D representation that explicitly captures temporal
changes within periods as well as across different time intervals.
This approach allows for a clear depiction of both intra-period
and inter-interval temporal dynamics.

Specifically, for a time series of length T with recorded
variables of C, x1D ∈ RT×C , for each of its estimated periods
i, we compute the period length pi, Eq:

pi =

⌈
T

fi

⌉
, i ∈ {1, . . . , k}, (5)

where T is the total length of the time series, fi is the frequency of
the ith period, and K is the number of different periods estimated,
which is a hyperparameter.

Based on the selected frequencies {f1, . . ., fk} and the
corresponding period lengths {p1, . . ., pk}, we reshape the
one-dimensional time series X1D ∈ RT×C into multiple two-
dimensional temporal tensors:

Xi
2D = Reshapepi,fi

(Padding(X1D)), i ∈ {1, . . . , k}, (6)

where Padding(·) serves to append a zero at the end of the
data sequence along the time dimension to make it compatible

with Reshapepi,fi
(·), where pi and fi represent the number of

rows and columns of the transformed two-dimensional tensor,
respectively. In this way, the original one-dimensional time
series tensor X1D ∈ RT×C is converted into the ith reshaped
time series based on frequency fi, resulting in a two-dimensional
tensor Xi

2D ∈ Rpi×fi×C whose columns and rows represent
intra-period changes and inter-period changes under the cor-
responding cycle length pi, respectively.

TimesBlock: As show in Fig. 7,we arrange multiple Times-
Blocks sequentially. The input sequence first passes through an
embedding layer to obtain deep features X0

1D ∈ RT×dmodel . For
the lth layer of TimesBlock, its input is Xl−1

lD ∈ RT×dmodel , and
then it proceeds through two-dimensional convolution to extract
two-dimensional temporal changes:

Xl
1D = TimesBlock

(
Xl−1

1D

)
+Xl−1

1D . (7)

For each TimesBlock, the entire process comprises two con-
secutive parts: capturing two-dimensional changes over time and
adaptively aggregating representations from different periods.

From 1D to 2D representation: First, the one-dimensional
temporal features xl−1

lD are processed to extract periodicities,
and then they are converted into two-dimensional tensors to
represent two-dimensional temporal changes, as described in
the previous section:

Al−1, {f1, . . . , fk}, {p1, . . . , pk} = Period
(
Xl−1

1D

)
Xl,i

2D = Reshapepl,fi

(
Padding(Xl−1

1D )
)
, i ∈ {1, . . . , k}. (8)

Extracting 2D time-varying characterizations: For the set of
two-dimensional tensors {Xl,1

2D,Xl,2
2D, . . .,Xl,k

2D}, due to their
two-dimensional locality, we can employ 2D convolutions to
extract information. Here, we opt for the classic Inception model,
that is:

X̂l,i
2D = Inception

(
Xl,i

2D

)
, i ∈ {1, . . . , k}. (9)

From 2D to 1D representation: For the extracted temporal
features, we transform them back into a one-dimensional space
to facilitate information aggregation.

X̂l,i
lD = Trunc

(
Reshape1,(pi×fi)(X̂

l,i
2D)

)
, i ∈ {1, . . . , k},

(10)
where X̂l,i

1D ∈ RT×dmodel , Trunc(·) denotes the removal of the
zeros added by the Padding(·) operation from the previous step.

Adaptive aggregation: We perform a weighted sum of the
obtained one-dimensional representations {X̂l,1, . . . , X̂l,k} ac-
cording to the intensity of their corresponding frequencies,
resulting in the final output:

Âl−1
f1

, . . . , Âl−1
fk

= Softmax
(
Al−1

f1
, . . . ,Al−1

fk

)

xl1D =

k∑
i=1

Âl−1
fi
× X̂l,i

1D. (11)

Through the aforementioned design, TVFI-net accomplishes
the process of modeling temporal changes by “extracting two-
dimensional temporal variations for each period separately
and then performing adaptive fusion.” Since both intra-period
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and inter-period changes involve multiple highly structured
two-dimensional tensors, the TimesBlock can simultaneously
capture multi-scale two-dimensional temporal variations com-
prehensively. Therefore, TVFI-net can achieve more effective
representation learning compared to directly processing one-
dimensional time series.

Categorization:The final one-dimensional tensor xl1D is used
for the classification task. To achieve classification, we connect
a fully connected layer followed by a softmax layer at the end
to output the class probability distribution. The output layer
consists of four nodes, corresponding to “No anomaly”, “Single
person present”, “Two people present”, and “Multiple people
present”.

5) Time and Space Complexity Analysis: The architecture
of TVFI-net mainly consists of two components: the feature
extraction module and the lightweight classification network
module. Specifically:
� The feature extraction module generates multiple IMF

components via EMD, followed by time-frequency trans-
formation and statistical feature extraction. Its complexity
is O(N logN), where N denotes the length of the input
signal.

� The classification network module employs a modified
lightweight Transformer structure, whose core operation
is the multi-head self-attention mechanism. The time com-
plexity of this part is O(d2model · L), where dmodel is the
dimension of the featurefeature and L length of the se-
quence. L is fixed (7× 9), As a result, the computational
complexity becomes constant with respect to input size,
i.e.,O(1).

Therefore, the overall time complexity of TVFI-net can be
expressed as:

T (N) = O(N logN). (12)

In comparison, the SVM training phase has a complexity of
O(N3), while convolution operations in CNN models typically
have a complexity of O(C ·N logN), where C is the number
of channels. TVFI-net achieves a single detection latency of
less than 0.5 seconds, meeting the requirements for real-time
detection.

The memory footprint of TVFI-net mainly comes from the
following aspects:

1) Input feature storage: A fixed-length feature matrix (size
7× 9) is generated after EMD preprocessing, which re-
quires minimal memory.

2) Model parameter storage: The total number of parameters
in TVFI-net is approximately 85 K, significantly fewer
than typical CNN models (often exceeding millions of
parameters).

3) Intermediate buffer overhead: The attention weight ma-
trices and residual connections in the Transformer archi-
tecture introduce some additional memory usage, but are
kept within reasonable limits through optimization.

Thus, the space complexity of the TVFI-net is as follows:

S(N) = O(dmodel · L+ P ), (13)

where P represents the total number of model parameters.

Due to its lightweight design, TVFI-net can run efficiently
on embedded or edge computing platforms without relying on
high-performance GPUs or cloud computing resources.

Through both theoretical analysis of the computational com-
plexity of TVFI-net, we observe that the model exhibits low com-
putational and memory overhead, offering excellent real-time
performance and deployment flexibility. Compared to traditional
methods, TVFI-net not only achieves significantly improved
detection accuracy, but also demonstrates clear advantages in
terms of resource utilization efficiency. This makes it particularly
suitable for real-world applications such as concealed human
detection in vehicles, where fast response times and limited
hardware resources are critical constraints.

IV. IMPLEMENTATION

A. System Implementation

In utilizing the LDV for vibration detection on the test vehi-
cles, we required the coordination of a laptop for data acquisition
and storage. The laptop used was the Lenovo Xiaoxin 15 Pro
2021 model, equipped with an Intel Core i7 1165G7 CPU,
an NVIDIA GeForce MX450 graphics card, 16 GB of RAM,
and a 512 GB solid-state drive. The LDV device used was
the Sunny Optical LV-S01 product [17]. In our experiments,
the LV-S01 laser vibrometer showcased a velocity resolution
exceeding 0.001 μm/s/

√
Hz ; a ranging resolution above 0.31

picometers; a working frequency range spanning from DC to 3
MHz and up to DC to 25 MHz; it utilized a helium-neon laser
source with a wavelength of 632.8 nanometers; and boasted a
maximum measurement speed of 20 meters per second and a
minimum displacement sensitivity reaching 0.04 nanometers. A
high-precision wearable sensor (Bigrun Team x-26) to record
ECG and respiratory effort signals as standard physiological
references. Data processing and deep learning network training
were carried out on a workstation paired with an RTX 3090
graphics card.

B. Experiment Setup

We enlisted 6 subjects and prepared twelve distinct vehi-
cle types for testing, including the Peugeot 2002, Volkswa-
gen Magotan, Honda Odyssey (MPV), Ford Mondeo, Wuling
Hongguang (Minivan, Mid-size Minivan, Small Flatbed Truck,
Medium Box Truck), Jiangling (Medium Box Truck, Medium
Flatbed Truck), Iveco, trailer chassis. For the sake of conve-
nience, we’ll replace the designations of these vehicle type with
V1-V12 in order in the subsequent content. The experimental
environments comprised an underground garage (ideal scenario)
and a regular road (typical scenario),with a laser distance of
80-180 cm, including one measurement point,no special surface
treatment (natural reflection). Throughout the experiment, we ar-
ranged for participants to experience a variety of configurations,
including passenger cars: empty car, one person in the driver’s
seat, one person in the front passenger seat, one person in the
back seat, two people in the back seat, and one person in both the
front and back seats; trucks: empty car, one person lying/sitting
in the cargo bay, two people lying/sitting in the cargo bay,
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three people lying/sitting in the cargo bay, etc. Subjects were
instructed not to perform large-scale movements during the
trials. During the formal detection phase, both the driver and
passengers were required to turn off the engine and exit the
vehicle, leaving only any potentially hidden individuals inside.

V. EVALUATION

To evaluate the performance of the SiVe system, we conducted
controlled experiments across twelve different vehicle types.
The experimental scenarios encompassed a range of conditions,
including vehicles with zero, one, two, and three occupants,
as well as indoor and outdoor environmental settings. A total
of 6 subjects were recruited for these experiments to ensure
a representation of the variability in human biometric signals.
Each subject underwent multiple trials across all experimental
conditions to thoroughly test the system’s responsiveness under
diverse scenarios. Data were systematically collected from all
vehicle types and environmental conditions, covering the full
spectrum of vibrations produced under the specified scenarios.
Subsequently, the SiVe system analyzed these datasets to deter-
mine the presence and number of individuals within the enclosed
spaces.

Evaluation Metrics: To comprehensively evaluate the perfor-
mance of the SiVe system, we adopted a variety of evaluation
metrics to ensure its accuracy and reliability are measured from
multiple perspectives. In addition to focusing on overall accu-
racy, which is the proportion of correctly classified samples out
of the total number of samples, we also introduced precision,
recall, and the F1 score. These metrics respectively measure
the system’s accuracy in detecting hidden individuals, its ability
to identify all vehicles that actually contain hidden individuals,
and the harmonic mean of these two measures. Furthermore,
the false positive rate (FPR) and false negative rate (FNR)
were used to assess the occurrences of false alarms and missed
detections, ensuring that the system does not generate excessive
unnecessary alerts or overlook critical information in real-world
applications.

Considering the requirements for real-time applications, we
placed special emphasis on processing time and resource uti-
lization. Processing time refers to the average duration required
for each detection, which is crucial for ensuring the system can
complete tasks within a reasonable timeframe. Resource uti-
lization, on the other hand, pertains to the use of computational
resources during system operation, aiming to ensure efficient
resource usage to support large-scale deployment.

Overall Performance: We first conducted a comprehensive
evaluation of the SiVe system under different vehicle models
and environmental conditions, and then examined various fac-
tors that might affect its performance. We have determined the
following overall performance:

In different vehicle models and environmental conditions,
the SiVe system can accurately determine the presence of
individuals in enclosed spaces, with an accuracy rate exceeding
99%. Despite variations in the physical characteristics of the
subjects, the SiVe system maintained high accuracy across

Fig. 9. Reflection conditions impact of SiVe system.

all experimental conditions, with detection accuracy rates
consistently above 99%.

Additionally, our evaluation of laser incidence angles revealed
significant impacts on the system’s performance.This enhanced
performance is attributed to better capture of vertical vibration
signals, reduced structural interference, and more stable feature
information from lower body parts.Thus, optimizing the laser
incidence angle provides a significant improvement in occupant
count accuracy while maintaining high overall detection reliabil-
ity.The size of the time slice and the sampling rate can influence
the accuracy of the SiVe system to a certain extent. Through
comprehensive analysis, we selected the most appropriate time
slice and sampling rate.

Reflection Conditions Impact on Detection: Due to the sen-
sitivity of LDV signals to the reflectivity of the target surface,
and given that SiVe operates by detecting vehicle exteriors, the
reflectivity variation is primarily influenced by differences in
surface materials across vehicle models. To evaluate system per-
formance under varying reflectivity conditions, we conducted
repeated experiments on vehicles with different reflective prop-
erties under identical testing conditions. For each vehicle, we
recorded key metrics including detection accuracy, false positive
rate, and false negative rate. All tests were performed at a fixed
distance of 80 cm, with consistent LDV settings.

The tested vehicles exhibited three types of surface reflectiv-
ity, as illustrated in Fig. 9:
� Normal reflectivity: Standard painted metal surfaces (V1–

V5, V9)
� Low reflectivity: Matte black coatings or heavily weathered

old bodies (V6–V8, V10–V11)
� Dust-covered surfaces: A truck trailer covered with dust

(V12).
Results show that the detection accuracy for the presence

of individuals (Pass:Absence of individuals Exist:Presence of
individuals) exceeds 99% under normal reflectivity conditions,
remains above 98% under low reflectivity, and reaches 95%
even under dust-covered conditions. Despite some performance
degradation under lower reflectivity, SiVe achieves high accu-
racy and robustness through the high sensitivity of LDV, the
adaptive noise suppression capability of EMD, and the general-
ization power of TVFI-net.
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Fig. 10. Environmental Impact of SiVe System: (a) Detection Accuracy for
Peugeot 2002 for Presence of Individuals (indoor); (b) Detection Accuracy
for Peugeot 2002 for Presence of Individuals (outdoor). [Pass:Absence of
individuals Exist:Presence of individuals].

However, the accuracy in estimating the exact number of
individuals gradually declines. For example, in vehicle V1 (Peu-
geot 2002), the accuracy for detecting one person is 73.33%,
which drops to 50.61% for two persons, and further decreases
to 31.52% for three or more. This trend is consistently observed
across other vehicle types, indicating increasing detection diffi-
culty with higher occupancy.

Nonetheless, this limitation does not undermine the system’s
practical utility, as any positive detection can trigger manual
inspection to prevent false negatives. Furthermore, accurately
identifying the number of concealed individuals is an important
objective we aim to improve in future work, in order to enhance
the system’s overall detection capability.

Environmental Impact on Detection: Under varying environ-
mental conditions, using the Peugeot 2002 as an example, the
detection accuracy of SiVe for the presence of personnel, as
shown in Fig. 10(a) and (b) for indoor and outdoor conditions
respectively, reveals consistent reliability. Indoors, the system
maintains an accuracy rate above 99% in determining whether
the space contains individuals. Regarding the number of occu-
pants, the precision is 73.33% for one person, 50. 61% for two
and 31. 52% for three or more. Similarly, outdoors, the system
also achieves over 99% accuracy in identifying whether individ-
uals are present, with specific occupant counts having accuracies
of 71.24% for one person, 53.62% for two, and 29.83% for
three or more. It is evident that, regardless of whether indoors or
outdoors, SiVe can accurately determine if there are individuals
within the confined space, showing remarkable consistency and
resilience to external environmental factors. However, in terms
of precisely identifying the number of individuals, the system’s
performance is somewhat inferior, particularly as the number
of occupants increases, leading to a decline in recognition ac-
curacy. This indicates that, across different environments, the
core strength of SiVe lies in its high-accuracy determination of
whether individuals are present, whereas identifying the exact
number of individuals presents a limitation.

Impact of Distance on Accuracy: When assessing the perfor-
mance of the SiVe system, we particularly examined the impact
of the distance between the LDV and the detection target on
the accuracy of the system. This parameter is a critical factor
affecting non-contact biometric signal detection, especially un-
der varying environmental conditions. To fully understand how
changes in distance influence detection accuracy, experiments

Fig. 11. Impact of Distance on Accuracy of SiVe System: (a) Classification
Accuracy at Various Distances in an Enclosed Environment; (b) Classification
Accuracy at Various Distances in an Open Environment.

were conducted in both open and enclosed environments, col-
lecting vibration data at different distances.

To evaluate the impact of the distance between the LDV
and the detection target on system accuracy, we conducted
experiments in both open and enclosed environments. In these
experiments, we collected vibration data at distances ranging
from 40 cm to 500 cm in increments of 20 cm and assessed the
average accuracy of these data using classification algorithms.

As shown in Fig. 11(a) and (b), in an enclosed environment,
the system’s accuracy remains high even as the distance be-
tween the LDV device and the detection target increases. This
is primarily due to the reduced background noise and fewer
reflective interferences in enclosed spaces, allowing the LDV to
more clearly capture weak vibration signals caused by human
activities. In an open environment, despite the presence of
more background noise and other sources of interference, the
system maintains high accuracy at short distances. However, in
both environments, accuracy gradually decreases as the distance
increases. Specifically, at short distances, the accuracy can reach
99%; however, as the distance extends beyond a certain limit,
the accuracy diminishes, particularly in complex backgrounds
where background noise has a more significant impact.

In summary, the distance between the LDV and the detection
target significantly influences the accuracy of the SiVe system.
At shorter distances, regardless of whether the environment
is open or enclosed, the system can maintain high accuracy;
however, as the distance increases, the the accuracy gradually
declines. Therefore, to ensure the reliability and efficiency of
the SiVe system across various practical applications, it is most
appropriate to maintain a distance of 80 cm to 180 cm between
the device and the target.

Impact of EMD Processing on Accuracy: To further investi-
gate the impact of EMD processing on detection accuracy, we
compared the performance of EMD-processed and unprocessed
data in a classification algorithm within an enclosed environ-
ment.

Fig. 12(a) and (b) show that EMD preprocessing significantly
improves the accuracy and stability of classification. At close
distances, the SiVe system’s accuracy with EMD processing
can exceed 99%, and even at longer distances, it maintains
an accuracy above 85%. In contrast, without EMD processing,
the system’s accuracy remains around only 50% regardless
of distance. This is because EMD can extract Intrinsic Mode
Functions related to human vital signs from complex vibration
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Fig. 12. Impact of EMD Processing on Accuracy of SiVe System: (a) Classi-
fication Accuracy of EMD-Processed Data at Various Distances in an Enclosed
Environment; (b) Classification Accuracy of unEMD-Processed Data at Various
Distances in an Enclosed Environment.

Fig. 13. Detection Position Impact of SiVe system: (a) Detection from
Perpendicular Position on Surface; (b) Detection from Below the Vehi-
cle.[Pass:Absence of individuals Exist:Presence of individuals].

signals, and these IMFs contain crucial information about low-
frequency body movements such as breathing and heartbeats. In
comparison, unprocessed raw data contain substantial noise and
irrelevant information, leading to significantly lower classifica-
tion accuracy.

In summary, EMD processing substantially enhances the de-
tection accuracy of the SiVe system in complex environments.
To ensure the reliability and efficiency of the SiVe system across
various practical applications, especially for long-distance de-
tection, employing advanced signal processing techniques like
EMD is essential.

Impact of Detection Position on System Performance: To eval-
uate the impact of detection position on detection performance,
we conducted tests using a Peugeot 2002 vehicle at two different
positions: one where the laser detects from a perpendicular
position on the vehicle’s surface and another where it detects
upward from beneath the vehicle to the chassis. The experimen-
tal results show that both methods achieve over 99% accuracy
in determining whether individuals are present within the space.
However, in terms of accurately identifying the specific number
of occupants, the method involving detection from below the
vehicle exhibits superior performance, as shown in Fig. 13(a)
and (b).

Detection from Perpendicular Position on Surface: When the
laser detects from a perpendicular position on the vehicle’s
surface, the system achieves accuracies of 73.33%, 50.61%, and
31.52% for detecting one person, two people, and three or more
individuals, respectively.

Detection from Below the Vehicle: In contrast, when the laser
detects upward from beneath the vehicle to the chassis, the
system’s accuracy significantly improves. The detection rates for
one person, two people, and three or more individuals increase
to 79.02%, 64.74%, and 40.18%, respectively.

Fig. 14. Laser incidence angle impact of SiVe system: (a) Detection accuracy
of SiVe system at various incidence angles in a closed environment; (b) Detection
accuracy of SiVe system at various incidence angles in an open environment.

The primary reason for this difference lies in the fact that
the human body’s center of gravity and major sources of vibra-
tion (thoracic/abdominal regions) exert their weight directly on
the bottom surface. Abdominal movements caused by respira-
tion and heartbeat-generated vibrations are transmitted to the
container floor through the feet or torso, with minimal signal
attenuation. At the same time, vibration signals detected from
the side walls of the vehicle must propagate through complex
structural paths before reaching the measurement point, dur-
ing which vibration information is prone to attenuation due to
the effects of material damping. In contrast, bottom detection
allows for direct acquisition of raw vibration signals without
structural interference. This provides more stable information
on biological characteristics, helping to distinguish between
different numbers of individuals.

Impact of laser Incidence Angle: To evaluate the impact of
laser incidence angle on the detection accuracy of the SiVe
system, we set up relevant experiments to collect data at different
incidence angles in both closed and open environments. These
angles ranged from -45 degrees to +45 degrees, with a step size
of 15 degrees. The experimental results are shown in Fig. 14(a)
and (b), allowing us to analyze how changes in the incidence
angle affect the system’s detection performance.

In the closed environment, due to relatively less background
noise and more controlled environmental conditions, the reflec-
tion characteristics of the laser should theoretically be more
stable, which helps improve detection accuracy. However, as
the incidence angle changes, the angle between the laser beam
and the normal of the surface being measured alters, potentially
affecting the intensity and quality of the reflected light, thereby
impacting the clarity of the vibration signal received by the
LDV. Specifically, At an incidence angle of 0 degrees, where
the laser beam is perpendicular to the surface, the strongest
and clearest reflection signal can be obtained, leading to the
highest detection accuracy of the system. As the incidence
angle increases (whether positively or negatively), the effective
reflective area decreases, the signal strength weakens, and more
scattering phenomena may be introduced, leading to signal
distortion or increased noise, thus reducing detection accuracy.
The situation in an open environment is more complex because
there are other external vibration sources and environmental
factors that influence the propagation path of the laser and its
reflection characteristics. Therefore, when conducting detection
in an open environment, the effect of the incidence angle may
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Fig. 15. Impact of Subject Characteristics of SiVe system.

be more pronounced. In addition to the aforementioned effects
of the incidence angle on the reflection signal, there may be
additional interferences in open environments, such as sunlight
or interference from other light sources, all of which could lead
to a further decline in detection accuracy.

For both environments, an incidence angle close to 0 degrees
generally provides the highest detection accuracy, as at this
angle the laser can most effectively illuminate the target and
acquire its vibration information. To ensure that the SiVe system
achieves optimal performance across various application scenar-
ios, especially when used in open environments, it is advisable
to maintain the laser incidence angle as close to 0 degrees as
possible and consider environmental conditions to optimize the
detection setup.

Impact of Subject Characteristics: To assess the impact of
different subject characteristics on the performance of the SiVe
system, we conducted specialized analyses on six subjects. The
height and weight combinations of the subjects were as follows:
Subject 1, 165 cm tall and 60 kg; Subject 2, 175 cm tall and
75 kg; Subject 3, 180 cm tall and 80 kg; Subject 4, 155 cm
tall and 55 kg; Subject 5, 170 cm tall and 65 kg; and Subject
6, 185 cm tall and 90 kg.During the experiment, each subject
underwent individual testing, with multiple trials conducted for
each subject, changing their position in the vehicle during each
trial and comparing the results to empty vehicle test samples. As
shown in the Fig. 15, the detection accuracy for all six subjects
was above 99%. Despite the significant differences in height
and weight among the subjects, the SiVe system maintained
high accuracy across all experimental conditions. This means
that the system is capable of effectively adapting to individuals
of different body types, enhancing the reliability and practical
applicability of the SiVe system.

Impact of Time Slices: To optimize the performance of our
neural network for individual detection within enclosed spaces,
we conducted experiments with varying time slice durations.
The tested time slices included intervals of 5 seconds, 10 sec-
onds, 15 seconds, 20 seconds, and 25 seconds. We evaluated
model accuracy under each time slice to determine the opti-
mal setting that balances detection efficacy with operational
efficiency.The experimental results, as illustrated in Fig. 16(a),
show a significant improvement in model accuracy as the time
slice increases from 5 seconds up to 20 seconds, reaching the
highest accuracy of 99.9% at 20 seconds. Notably, the increase in
accuracy from a 15-second to a 20-second time slice is marginal,

Fig. 16. Performance evaluation of SiVe system.

and the enhancement from 20 seconds to 25 seconds is even
less pronounced. This suggests that beyond a certain threshold,
further extending the duration of the time slice does not lead to
substantial improvements in model performance.

Considering the working environment of our detection sys-
tem, timely response and minimal latency are critical factors.
Therefore, a 20-second time slice emerged as the most suitable
choice. It provides near-optimal accuracy of 99.9% while main-
taining the system’s responsiveness. Theoretically, although
longer time slices might offer slightly higher accuracy, they
would introduce unnecessary delays that could compromise the
system’s practicality and effectiveness in real-world applica-
tions. Based on this empirical analysis and comprehensive eval-
uation considering practical deployment, we have determined
that a 20-second time slice will be the standard configuration
for implementing the neural network.

Impact of Sampling Rate: To investigate the impact of the
sampling rate on the performance of the SiVe system, we
conducted experiments at various sampling rates. The selected
sampling rates were 50 Hz, 100 Hz, 500 Hz, 1000 Hz, and
10000 Hz. We evaluated the accuracy of the model at each
sampling rate to determine the optimal selection, as shown in
Fig. 16(b). The detection accuracy increased with the increase in
sampling rate, reaching 99% at 100 Hz. This phenomenon can be
explained from a signal processing perspective: as the sampling
rate increases, the system captures more detailed information,
which helps improve detection accuracy. Particularly in the case
of low-frequency vibrations, a higher sampling rate can better
capture these subtle vibration features, which is crucial for
accurately determining the presence of individuals. However,
once the sampling rate reaches a certain level, further increases in
sampling rate result in limited improvements in accuracy. Exces-
sively high sampling rates may not bring significant performance
improvements but can increase computational load and data
storage requirements. Based on this analysis, we ultimately
chose a sampling rate of 500 Hz for the system.

Impact of Vehicle Movement: To evaluate the impact of vehicle
movement on the detection performance of the SiVe system, we
conducted experiments comparing the detection accuracy under
stationary and slowly moving (idling) conditions. A passenger
car was selected as the test vehicle, and the average detection
accuracy across multiple trials was recorded under different
scenarios.

The experimental results show that the system detection ac-
curacy drops significantly when the vehicle is in motion, with
an accuracy of only around 60%. The main reasons for the
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TABLE I
AVERAGE ACCURACY OF THE MODEL

degraded performance during vehicle movement include: The
high-frequency noise caused by road bumps and engine vibra-
tions during driving overlaps with the physiological signals,
increasing the difficulty of signal separation. The transmission
path of the vibration signal becomes unstable during vehicle
movement, weakening the continuity of the signal. The relative
displacement caused by vehicle movement leads to frequency
shifts in the reflected laser signals, affecting both signal strength
and phase stability. Despite the observed decline in detection
performance during vehicle movement, it does not compromise
the practical applicability of the system. In real-world scenarios
such as border security checkpoints or logistics inspection sta-
tions, vehicles are required to come to a complete stop before
inspection, eliminating interference caused by movement. In
addition, in cases where the objective is to detect concealed
individuals, passengers can be asked to exit the vehicle, thereby
reducing interference from complex vibration sources.

Model Comparison: To capture and model complex multi-
periodic variations, we therefore designed TVFI-net. As men-
tioned earlier, the time series involved in vibration analysis
encompass complex temporal patterns, and traditional classifica-
tion networks often struggle to extract sufficient semantics from
such data for effective analysis. By conducting classification
experiments on data sets collected from various vehicle models
using several models, we compared their average accuracy.
Our results, as shown in Table.I demonstrate that TVFI-net
outperforms CNN, SVM, and Transformer. The experimental
out comes confirm that TVFI-net can better extract features
related to human presence and body movements from complex
time series data.

Physiological Signal Synchronization and Validation: To val-
idate whether the IMFs extracted by EMD genuinely reflect
human physiological activities rather than environmental noise
or decomposition artifacts, we conducted a synchronized phys-
iological baseline recording experiment using high-precision
wearable sensors.

Multiple human subjects were recruited to rest inside a
stationary vehicle under three representative postures: seated
(static), supine (static), and lateral (with mild motion), sim-
ulating realistic concealed occupant scenarios. A LDV was
positioned outside the vehicle to non-invasively measure micro-
vibrations on the exterior surface (e.g., door panel). Simultane-
ously, each subject wore a Bigrun Team x-26 wearable sensor
to record high-fidelity ECG and respiratory belt signals, serving
as reference standards for heart rate (HR) and respiration rate
(RR).

The LDV-acquired signal was decomposed into IMFs us-
ing Ensemble EMD. IMFs corresponding to cardiac (1–2 Hz)
and respiratory (0.1–0.5 Hz) frequency bands were identified

through spectral analysis and cross-correlation matching. Instan-
taneous HR and RR were then extracted from the dominant IMFs
and quantitatively compared with the reference measurements
from the Bigrun Team x-26.

As shown in Table II, the LDV-based HR estimates exhibited
excellent agreement with the reference across all postures:R2 >
0.93, RMSE < 1.05 bpm, MAE < 0.83 bpm. Bland-Altman
analysis revealed that 95% of differences fell within±0.72 bpm,
indicating strong consistency. In contrast, no periodic oscil-
lations were observed in the empty-vehicle tests (no human
present), and the correlation between the extracted signal and
a virtual baseline was negligible (< 0.01), effectively ruling
out false positives induced by environmental noise or structural
resonance.

These results demonstrate that the IMFs extracted from ve-
hicle surface vibrations are physiologically meaningful and di-
rectly linked to human vital signs. This validation constitutes
an independent, objective, and quantitative evidence chain for
the physiological origin of the extracted features, going beyond
mere spectral observation.

Quantitative Validation: To quantitatively verify the physio-
logical correspondence of iIMFs obtained via EMD, we con-
ducted a controlled experiment to confirm that IMF1 predomi-
nantly carries cardiac information while IMF3 encodes respira-
tory dynamics.

In a static in-vehicle scenario, we simultaneously recorded
LDV signals along with ground-truth physiological measure-
ments: ECG for heart rate and a respiratory belt for breathing
rate. The LDV signal was first low-pass filtered (0-10 Hz,
fourth-order Butterworth) to suppress non-physiological arti-
facts, followed by EMD to yield a set of IMFs.

We then estimated physiological rates from specific IMFs
using spectral peak detection:
� Heart rate (ĤR) was estimated from IMF1 by identifying

the dominant frequency peak in the range [0.8, 2.0] Hz via
fast Fourier transform (FFT).

� Respiratory rate (R̂R) was estimated from IMF3 by detect-
ing the peak within [0.1, 0.5] Hz using the same FFT-based
approach.

Let HRgt and RRgt denote the ground-truth heart and respi-
ratory rates derived from the wearable sensors. We define the
relative error (RE) as:

REheart =

∣∣∣ĤR−HRgt

∣∣∣
HRgt

, REbreath =

∣∣∣R̂R−RRgt

∣∣∣
RRgt

. (14)

As shown in Fig. 18, the relative error for heart rate estimation
using IMF1 is consistently low, confirming its strong fidelity
to cardiac activity. Similarly, respiratory rate estimated from
IMF3 exhibits minimal relative error, indicating that IMF3 is
the primary carrier of breathing-related oscillations. In contrast,
when IMF1 is used to estimate respiration or IMF3 to estimate
heart rate, the relative errors increase dramatically (often exceed-
ing 20%) demonstrating poor physiological relevance in these
mismatched configurations.

These results provide statistical evidence that the EMD de-
composition yields physiologically meaningful components:

Authorized licensed use limited to: HUNAN UNIVERSITY. Downloaded on June 06,2026 at 12:13:16 UTC from IEEE Xplore.  Restrictions apply. 



XIAO et al.: SIVE: SEE INTO THE VEHICLE’S HIDDEN PERSONS VIA LASER DOPPLER VIBROMETER 11097

TABLE II
QUANTITATIVE AGREEMENT BETWEEN LDV-ESTIMATED HEART RATE AND BIGRUN TEAM X-26 REFERENCE MEASUREMENTS

Fig. 17. External validation experiment.

IMF1 is specifically associated with heartbeat, while IMF3
corresponds to respiration.

External Validation Experiment: To systematically evaluate
the potential overfitting of TVFI-net and assess its generalization
capability in real-world scenarios, we conducted an external val-
idation experiment using a completely independent test dataset.
Such external dataset was collected with no overlap in vehi-
cle models, environmental conditions, or participant population
compared to the original training set. Hence it can provide a
rigorous assessment of model robustness and cross-scenario
transferability.

Specifically, a new dataset was acquired at different times
(three months apart) and distinct geographical locations , the
test road segments were distinct from those used in the primary
data collection, to ensure environmental diversity. The experi-
ments were conducted on three widely-used passenger vehicle
models in the market, representing different body structures and
dynamic characteristics: FAW-Volkswagen Sagitar, a compact
sedan (Va); GAC-Toyota Highlander, a mid-size SUV (Vb);
Geely Xingyue L, a domestically produced intelligent SUV
(Vc).

A total of 12 healthy adult participants (6 male, 6 female) were
recruited for this external test, none of whom had participated
in the original training data collection. The experimental setup
remains consistent with previous experiments.

The TVFI-net model trained on the original dataset was
applied directly to this unseen dataset without any fine-tuning or
parameter adaptation (i.e., zero-shot inference). Experimental
results in Fig. 17 show that the model achieved an average
accuracy of 99.23% on the external dataset. Compared to the
performance on the original test set (exceeds 99%), the degra-
dation is less than 0.5 percentage points, the model remains
within the high-precision range without significant performance
degradation, indicating it has not overfitted to specific vehicle
models, environments, or individuals. Those results demonstrate
that TVFI-net has learned universal micro-vibration patterns
caused by human physiological activities, rather than specific

Fig. 18. (a): Relative Error for Heart Rate Estimation. (b): Relative Error for
Breathing Rate Estimation.

noise or artifacts in the training data. As a result, it can exhibit
strong cross-scenario generalization capabilities.

Ablation experiments based on feature sequence length: To
validate the effectiveness of selecting seven Intrinsic Mode
Functions (IMFs) and extracting nine statistical features from
them as the input feature vector, a series of ablation studies were
conducted. These experiments were designed to systematically
assess the impact of varying the number of IMFs as well as dif-
ferent feature combinations on the performance of the TVFI-net
model.

The dataset used in this study comprises vibration signal data
collected from twelve different types of vehicles under various
indoor and outdoor environmental conditions. In the first set
of experiments, TVFI-net models were trained using 3, 5, 7,
and 9 IMFs, respectively, and their performance was evaluated
on the same test set. For each configuration, the average de-
tection accuracy, recall rate, and precision were computed and
recorded.

The selection of seven IMFs was based on their ability to cover
different frequency components of the signal. These IMFs effec-
tively capture low-frequency vibrations associated with human
respiration and heartbeat, as well as mid-frequency components
related to subtle body movements and partial environmental
noise. Using more than seven IMFs may introduce excessive
high-frequency noise that could degrade model performance,
whereas using fewer IMFs may lead to the loss of critical signal
information, thereby reducing detection accuracy.

Furthermore, the selection of nine statistical features—
including mean, standard deviation, maximum and minimum
values, skewness, kurtosis, root sum of squares, and the first
and third quartiles—was motivated by their ability to compre-
hensively characterize the statistical properties of each IMF.
These features have been experimentally validated to play a
significant role in distinguishing between different occupancy
states. They not only reflect the central tendency and dispersion
of the signal but also capture its distribution shape and extreme
value variations, thereby enhancing the discriminative capability
of the model.
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Experimental results show that the model achieved the best
detection performance when using seven IMFs, with an average
detection accuracy exceeding 99%. Reducing or increasing the
number of IMFs led to a decline in performance, indicating
that seven IMFs represent a well-balanced trade-off between
information retention and noise suppression.

After comparing the performance of different feature combi-
nations, the final set of nine features—mean, standard deviation,
maximum, minimum, skewness, kurtosis, root sum of squares,
and the first and third quartiles—was selected. This is because
these features effectively capture the key statistical character-
istics of each IMF and are crucial for improving classification
accuracy.

VI. RELATED WORK

A. Personnel Detection Techniques

Personnel presence detection systems that operate behind
barriers in enclosed environments play a crucial role in major
security systems such as customs and public security agencies.
Currently, there are mainly two detection methods. One is based
on the detection of vibration sensors, using tactile vibration
sensors [18], [19], [20]. Although these can indicate human
activity by capturing minute vibrations, their limitations include
the potential alteration of the original vibration characteristics
of the object being measured, leading to reduced reliability of
the measurement results. There is also a risk of contamination
or damage to the surface of the object being measured, and the
reliance on physical contact limits the practicality of this method
in various detection scenarios.

The second method is non-contact detection, typically
through radio frequency (RF) signal monitoring systems [21],
[22], [23], [24], [25], [26], [27], [28]. These systems often
exhibit the ability to penetrate obstacles and utilize machine
learning algorithms [29] for data analysis, allowing personnel
activity monitoring without direct line of sight. For example,
FreeSense [23] is a novel human detection method based on
Wi-Fi signals that detects human motion by identifying phase
differences among amplitude waveforms received by multiple
antennas; Liang X et al. [25] use Ultra-Wide Band (UWB)
signals to detect human vital signs through walls; Pa-Count [26]
proposes an effective real-time passenger counting system de-
ployed within vehicles using Wi-Fi Channel State Information
(CSI). However, the inherent properties of RF signals, such as
longer wavelengths and limited spatial resolution, restrict their
accuracy in complex environments. Moreover, due to the lack
of directional specificity in RF signals, especially in close-range
monitoring, distinguishing signals from closely located objects
becomes difficult, adding complexity to signal processing.

The personnel detection technology proposed in this study,
based on LDV, stands out distinctly from traditional contact-
based and RF signal detection methods. The extremely short
wavelength of lasers allows for submicron to nanometer-level
high spatial resolution, ensuring precise non-contact measure-
ment of minute vibrations, avoiding any interference caused
by contact. The high directionality and focusing ability of
lasers enable precise targeting and measurement of vibrations

in specific areas, effectively suppressing background noise and
significantly improving the signal-to-noise ratio and accuracy of
the measurements.

B. Applications of LDV

LDV stand out for their non-contact measurement capabil-
ities, high resolution, and wide dynamic range, showcasing
remarkable utility across interdisciplinary fields [30]. In me-
chanical engineering, LDV play a central role in modal anal-
ysis, precisely determining structural vibration characteristics
such as natural frequencies, damping ratios, and mode shapes,
providing a powerful tool for assessing structural dynamic per-
formance [31], [32]. Specifically, in the complex analysis of
mechanical vibrations, LDV offer a more accurate and compre-
hensive means of diagnosing vibrations in engines and rotat-
ing machinery, revolutionizing environmental vibration health
monitoring in industries [33], [34].In human health monitoring
systems, the non-intrusive measurement ability of LDV is ex-
tensively utilized to monitor the minute vibrations of human
tissues [35], opening new avenues in medical diagnostics and
biomechanical studies. For example, LDV have been applied in
both clinical and non-clinical settings to monitor cardiac activity,
revealing subtle changes in heart function [10].Due to the high
directionality and coherence of lasers, maintaining good focus
and signal strength even at a distance, LDV have been applied
to the field of remote speech signal acquisition [36], [37], en-
abling non-contact measurement of micro-vibrations produced
by speech and subsequent recovery of intelligible voice sig-
nals.Moreover, LDV have a specific and advanced application
in the safety aspects of autonomous vehicles – adversarial
attacks and defense strategies [38], [39]. Benefiting from the
high-precision vibration measurement characteristics of LDV
and their consistency and accuracy, we have utilized LDV for
the detection of hidden individuals in vehicles, demonstrating
excellent results.

VII. CONCLUSION

In this paper we propose SiVe, an advanced personnel pres-
ence detection system that employs LDV technology to achieve
high-precision detection of individuals concealed within en-
closed spaces under non-contact conditions. Through a series of
meticulously designed and rigorously controlled experiments,
we tested the performance of the SiVe system across different
vehicle models and various environmental settings. The results
demonstrate its exceptional capability in accurately determining
the presence of individuals with detection accuracy rates exceed-
ing 99% in both indoor and outdoor environments.The SiVe
system exhibits outstanding reliability and stability, performing
consistently regardless of variations in vehicle model or external
conditions. Its core strength lies in its high-precision judgment
of whether individuals are present.

Although the SiVe system demonstrates high accuracy and
robustness in non-contact detection, there are still several limi-
tations in its current implementation that need to be considered
for real-world deployment:
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� Cost and Availability of Laser Equipment: The current
system relies on high-precision LDV, such as the LV-S01,
which costs over $50,000. This high cost limits the scalabil-
ity and widespread adoption of the system. In addition, the
calibration and maintenance of LDV devices require spe-
cialized technical expertise, increasing operational com-
plexity.

� Deployment Constraints: For optimal performance, the
system requires the vehicle to be turned off, with all known
occupants exiting the vehicle, leaving only potential con-
cealed individuals inside. While this condition is feasible
in controlled environments such as border checkpoints, it
may not always be practical in dynamic or time-sensitive
scenarios.

� Laser Incidence Angle and Detection Distance Limita-
tions: The system performs best when the laser is incident
vertically and at a distance of no more than 180 cm. In
real-world settings, however, vehicle parking angles, ob-
structions, or terrain variations may prevent achieving ideal
detection conditions, directly affecting system stability and
reliability.

� Limitation in Counting Capability: While the system
achieves high accuracy in detecting a single individual, its
performance degrades significantly when multiple people
are present. This is primarily due to overlapping vibration
signals generated by multiple people, making it difficult
for the model to distinguish physiological features such as
breathing patterns. Additionally, complex interior struc-
tures and object placements within the vehicle further
hinder accurate person counting.

Although these limitations exist in the current implementa-
tion, we believe they can be progressively addressed through
continued research and development. Future work will focus
on improving system performance, reducing costs, enhancing
adaptability, and refining detection accuracy, particularly in
multi-person scenarios, to enable broader and more reliable
applications in real-world settings.
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