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Featured Application

This study provides a low-cost and interpretable acoustic feature extraction approach for
same-vehicle load-state difference analysis in enclosed logistics yards, industrial parks,
mining roads, and port-transport scenarios. It can support roadside non-contact monitoring
systems where the same vehicle repeatedly passes through a fixed road-excitation location
under comparable acquisition conditions.

Abstract

Roadside acoustic sensing may provide a low-cost approach to vehicle load-state mon-
itoring. This study evaluates a normalized frequency-domain descriptor for controlled
same-vehicle comparison. Vehicle-pass signals underwent resampling, pre-emphasis,
framing, and windowing; event-level power spectral density from 500 to 5000 Hz was
normalized and partitioned into 500-1000, 1000-3000, and 3000-5000 Hz bands. Field
measurements comprised 60 passes of one 4 x 2 box truck at 20, 30, and 40 km/h with
payloads of approximately 1000 and 4000 kg. Heavy load consistently increased the low-
frequency proportion and decreased the high-frequency proportion. Two-way analysis
of the additive log-ratio In(P; / Py) identified significant speed, load, and speed x load
effects, with heavy-light separation decreasing as speed increased. A CarSim template
was reparameterized at total masses of 9540 and 12,540 kg and a wheelbase of 7.15 m.
Wheel-force impulses were convolved with a mass-dependent modal response to generate
uncalibrated relative acoustic signals. None of the 48 sensitivity evaluations reproduced
the full field direction. Thus, the descriptor supports same-vehicle comparison under
controlled conditions, whereas the current dynamics-to-acoustic model is a reproducible
discrepancy analysis rather than a calibrated representation of field sound radiation.

Keywords: vehicle load state; acoustic signature; normalized power spectrum; frequency-
domain energy ratio; same-vehicle comparison; non-contact monitoring

1. Introduction

Monitoring the load state of freight vehicles is important for transport safety, overload
supervision, and fleet dispatching in enclosed industrial parks, logistics yards, mining
roads, and port-transport scenarios. Conventional contact-based weighing devices, such as
static scales and weigh-in-motion systems, can provide high measurement accuracy, but
their deployment may involve high construction and maintenance costs, limited layout flex-
ibility, and potential effects on traffic efficiency [1,2]. Vehicle load information is also closely
related to pavement structural response, vehicle operating safety, and traffic management,
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and recent studies have explored roadside sensors, pavement vibration responses, and
camera-assisted information to infer load-related characteristics [3—6]. Therefore, low-cost
and non-contact approaches for load-state sensing are of practical interest.

Compared with contact-based weighing and vision-based methods, roadside acoustic
sensing offers low hardware cost, flexible deployment, and robustness to illumination
variations. Acoustic methods have been applied to vehicle detection, speed estimation,
and traffic monitoring [7-10]. A moving vehicle generates tire-road interaction noise,
engine and driveline noise, body-structure vibration, and local impact sounds. When
the vehicle passes over a speed bump or local road irregularity, a change in payload
modifies the coupled vibration—-acoustic response. The resulting spectrum may contain
contributions from sprung-mass motion, suspension and tire forces, structural radiation,
and local impacts; however, assigning a particular acoustic band to one mechanism requires
synchronized structural and acoustic measurements. Off-road obstacle impacts and whole-
body vibration studies further show that road excitation, structural design, and suspension
or seat characteristics strongly influence vehicle vibration exposure and response [11,12].
Accordingly, frequency-domain energy distribution is treated here as an empirical and
interpretable descriptor for controlled same-vehicle comparison rather than as a direct
measurement of an individual vibration mechanism.

Existing vehicle-acoustics studies mainly focus on vehicle detection, vehicle-type
recognition, traffic-noise assessment, acoustic event detection, or data-driven sound classi-
fication [13-16]. In load-state analysis, however, direct use of sound pressure level or raw
spectral magnitude can be sensitive to vehicle speed, microphone distance, device gain,
and background noise. A compact and interpretable feature representation is therefore
needed to describe the energy redistribution caused by changes in vehicle load state.

The scope of this study is not to build a universal load-classification model applicable
to all vehicles, roads, and speeds. Instead, it targets relatively enclosed scenarios in which
vehicles repeatedly travel along fixed routes and pass the same excitation location. In such
settings, vehicle type, trajectory, road-excitation position, and sensor placement can be
relatively stable, making same-vehicle comparison a more defensible application frame-
work. The main contributions of this paper are as follows: (1) an event-level normalized
frequency-domain feature extraction method is developed for vehicle-pass acoustic sig-
nals; (2) the 500-5000 Hz analysis band is partitioned into low-, mid-, and high-frequency
sub-bands to form a three-dimensional compositional feature vector; (3) a balanced field
experiment with 60 passes evaluates light- and heavy-load states at 20, 30, and 40 km/h
using confidence intervals, log-ratio analysis, and a speed xload model; (4) a reproducible
CarSim-to-acoustic convolution procedure is evaluated against the field direction; and
(5) sensitivity analysis and comparison with conventional spectral descriptors and mel-
frequency cepstral coefficients are used to characterize the robustness and limitations of
the synthesized response.

2. Acoustic Signal Preprocessing and Feature Extraction
2.1. Preprocessing of Vehicle Acoustic Signals

The preprocessing workflow consists of downsampling, pre-emphasis, framing, and
windowing. First, the original acoustic recording, typically sampled at 44.1 kHz, is down-
sampled to 16 kHz to reduce data redundancy and computational cost while retaining
the frequency range relevant to the subsequent analysis. Second, a first-order high-pass
pre-emphasis filter is applied to compensate for high-frequency attenuation and improve
spectral balance:

H(z) =1—az}, (1)
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where the pre-emphasis coefficient is set to « = 0.96 in this study. Third, the non-stationary
vehicle-pass signal is divided into short-time frames. The frame length is set to 30 ms and
the frame shift to 10 ms; at a sampling frequency of 16 kHz, these settings correspond to
480 and 160 samples, respectively. Finally, each frame is multiplied by a Hann window
to reduce spectral leakage caused by truncation and to improve the continuity at both
frame boundaries.

2.2. Power Spectral Density Estimation

The acoustic response generated by a truck passing over a speed bump is transient
and non-stationary. To obtain a compact representation of its frequency-domain energy
distribution, the preprocessed frame signal is transformed into the frequency domain using
the discrete Fourier transform (DFT). Let x,,(n) denote the mth windowed frame, where
N = 480 is the frame length. The DFT is defined as

N-1 ,
Xn(k) = Y xm(n)e P™/N -, =0,1,... ,N—-1. )
n=0

The one-sided short-time power spectral density (PSD) of the mth frame is calculated as

Ck

P, (k) = fs ZnN:_()l wz(n)

| X (k) [, (3)

where w(n) is the Hann window and ¢, = 2 for positive-frequency bins except the Nyquist
bin, while ¢, = 1 for the direct-current and Nyquist bins. This formulation explicitly
accounts for window energy and one-sided spectral scaling. The frequency-bin width is
Af = fs/N. For one complete vehicle-pass event containing M frames, the event-level
average PSD is obtained by temporal averaging:

— 1 M
P(k) = M Z Py (k). 4)
m=1
The discrete frequency index k is mapped to physical frequency as

_kfs
fk - W/ )

where f; = 16,000 Hz is the sampling frequency.

2.3. In-Band Power-Spectrum Normalization

In roadside acoustic acquisition, the absolute signal amplitude can be affected by
vehicle speed, microphone distance, device gain, and background noise. Directly using
raw spectral magnitude may therefore introduce non-load-related interference. This study
normalizes the average PSD within the core analysis band of 500-5000 Hz so that the feature
represents a relative energy distribution. Let Ky, denote the set of discrete frequency
indices within 500-5000 Hz. The normalized spectrum is defined as

P(k)Af

P(j)af’

After normalization, the in-band energy ratios satisfy

p(k) ke Ktotal- (6)

Z] €Kiotal

Y e =1 @)

k 6Ktotal
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Thus, the analysis is shifted from absolute acoustic amplitude to the relative distribution of
energy across frequencies, which is more appropriate for same-vehicle comparison under
similar acquisition conditions.

3. Same-Vehicle Load-State Difference Analysis Method
3.1. Normalized Frequency-Domain Feature Vector

After obtaining the normalized spectrum p(k), the 500-5000 Hz analysis band is
divided into three sub-bands: low frequency (500-1000 Hz), mid frequency (1000-3000 Hz),
and high frequency (3000-5000 Hz). The corresponding index sets are denoted by K, Kps,
and Ky, respectively. Their acoustic interpretations are summarized in Table 1.

Table 1. Frequency-band partitioning and possible contributing acoustic sources.

Feature

Frequency Range Index Set Possible Contributing Sources

Low-frequency ratio Pr,

Candidate contribution from body, suspension,
500-1000 Hz 143 cargo-box, and other low-order structural responses; not
treated as a uniquely identified structural mode.

Mid-frequency ratio Py

Tire-road interaction, tread compression, air-pumping
1000-3000 Hz Ky effects, and partial mechanical radiation; used as an
auxiliary band.

High-frequency ratio Py

Candidate contribution from local impacts, mechanical
3000-5000 Hz Ky clearances, tire-road transients, and other
high-frequency sources.

The normalized energy ratios of the three bands are calculated as

Pp=1) pk), Pu= ) pk), Pu= ), pk), ®)

keKy, keK keKy

forming the feature vector
Vireq = [PL, Pm, Pl )

Compared with raw sound pressure level or absolute spectral magnitude, this vec-
tor emphasizes the redistribution of acoustic energy among frequency regions and is
therefore suitable for analyzing load-associated changes in the same vehicle. Because
Pr, + Py + Py = 1, the three components are compositional rather than statistically inde-
pendent; an increase in one component necessarily decreases at least one other component.
The present analysis therefore interprets the vector jointly and does not treat the individual
ratios as independent causal indicators.

3.2. Relative Energy Redistribution Between Light and Heavy Loads

A change in vehicle load modifies the coupled dynamic response when the vehicle
passes over a localized road excitation. Changes in body motion, suspension force, tire
force, structural damping, and local contact can all affect the radiated sound. A shift toward
low- or high-frequency energy may therefore be associated with a change in load, but the
acoustic ratios alone do not identify which structural mechanism produced that shift.

For a light-load and heavy-load pair of the same vehicle under similar speed and
acquisition conditions, the relative change coefficient of each band is defined as

P iheavy — P ilight

AP; = , i€ {L M, H}, (10)

P light
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where P heavy and P jight are the normalized energy ratios of the ith band under heavy
and light loads, respectively. Positive or negative values describe relative redistribution
within the selected band only; they do not establish an independent increase or decrease
in absolute radiated energy. Table 2 summarizes the descriptive interpretation used in
this study.

Table 2. Qualitative interpretation of frequency-domain energy redistribution.

Feature Pattern

Possible Contributing Sources Load-State Tendency

Py increases and Py decreases low-frequency band; synchronized vibration data

Relative spectral energy shifts toward the Empirical heavy-load tendency

. P in th t field dat
are required for a structural attribution. n the present ield data

Lower P, and higher Py

Relative spectral energy shifts toward the
high-frequency band; several impact and
radiation mechanisms may contribute.

Empirical light-load tendency in
the present field data

Higher Py,

Mid-band sources contribute a larger fraction of

the selected 500-5000 Hz energy. Auxiliary descriptive evidence

This method does not set a single fixed threshold for all vehicles, speeds, and environ-
ments. The frequency distribution of vehicle sound can be affected by speed, vehicle type,
tire condition, pavement roughness, microphone distance, background noise, and acoustic
propagation path. Accordingly, the proposed analysis emphasizes relative differences
between light- and heavy-load samples under comparable conditions rather than absolute
classification based on a universal threshold.

4. Experimental Results and Analysis
4.1. Experimental Design and Data Sources

The experiments comprise simulated and field-acquired acoustic data. The simulation
component uses a parameterized 4 X 2 box-truck model passing over a localized road exci-
tation at target speeds of 20, 30, and 40 km/h. The CarSim template was reparameterized
using the field vehicle’s 7.15 m wheelbase and 8540 kg curb mass. Payloads of approx-
imately 1000 and 4000 kg therefore gave total simulated masses of 9540 and 12,540 kg,
respectively. The corresponding center-of-gravity heights were engineering assumptions
of 1.05 and 1.125 m because condition-specific field measurements were unavailable. The
road input was a 0.075 m high and 0.50 m long half-sine speed-bump profile. The selected
CarSim solver template was reparameterized to represent these vehicle-scale properties; its
suspension, tire, inertia, and center-of-gravity parameters were not manufacturer-calibrated.
Each of the six conditions was simulated once, and the native CarSim outputs were stored
at 1000 Hz. The field component used the photographed 4 x 2 box truck traversing the
same excitation location at nominal speeds of 20, 30, and 40 km/h. The field payloads
were approximately 1000 kg (light load) and 4000 kg (heavy load), rather than total vehicle
masses. The microphone was positioned adjacent to the edge of the speed bump, with its
sensing height 0.10 m above the road surface. Ten independent vehicle-pass feature records
were retained for each speed-load combination, giving 60 pass-level observations in a
balanced 3 x 2 design. All field records were processed using the same 16 kHz resampling,
« = 0.96 pre-emphasis, 30 ms Hann window, 10 ms frame shift, event-level PSD averaging,
and 500-5000 Hz normalization procedure. Figure 1 shows the experimental workflow.
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Vehicle entering Vehicle leaving
Preprocessing and Preprocessing and
feature extraction feature extraction
Frequency-domain Frequency-domain
feature analysis feature analysis

l

Construct frequency-domain
feature vector

l

Calculate relative
change coefficients

l

Assess load-state
difference

Figure 1. Experimental workflow for same-vehicle load-state difference analysis based on acous-
tic features.

4.1.1. CarSim-to-Acoustic Coupling Procedure

The simulated acoustic signals are not direct CarSim audio outputs. Body vertical
acceleration, pitch rate, and the four wheel vertical forces were exported from CarSim. For
each wheel-force channel F;(t), a static baseline F; was estimated from the initial 2 s, and
the positive dynamic component was defined as

F(t) = max[F;(t) — E;, 0. (11)

1

Candidate impacts were detected using a median-plus-five-median-absolute-deviation
threshold, with a minimum separation of 0.08 s and a maximum of eight events per wheel
channel. The impulse of event e was integrated over 0.035 s around the detected peak:

t.+0.035
I = / EF (1) dt. (12)
t.—0.035

The discrete excitation sequence was q(t) = Y, [.0(t —t.). A mass-dependent modal
impulse response was then defined as

h(t;m) = i Gy(m)e erer(mt gin {w,(m)\/l -2 t} u(t), (13)
r=1

where u(t) is the unit-step function. With the 9540 kg case as the reference mass 11y, modal
frequency and gain were scaled as f,(m) = fyo(mo/m)* and G,(m) = G,o(mg/m)?. The
synthesized pressure was obtained by convolution:

psim (t) = q(£) * h(£;m). (14)

Table 3 lists the fixed reference parameters used for all six simulations. These parameters
provide a transparent physics-informed synthesis model, but the gains have not been

https:/ /doi.org/10.3390/app16157499


https://doi.org/10.3390/app16157499

Appl. Sci. 2026, 16, 7499

7 of 17

calibrated using a hammer test or synchronized accelerometer—-microphone measurements.
No empirical background-noise model was added to pgim (t); the synthesized waveform
therefore represents only the deterministic response of the assumed force-to-pressure model.
Consequently, pgim (t) is used for within-model relative comparison and not as an absolute
sound-pressure prediction.

Table 3. Reference modal parameters of the physics-informed acoustic impulse response (1119 = 9540 kg).

Mode fro (Hz) r Gyo [Pa/(N - s)] (ar, by)
1 85 0.120 1.50 x 10~° (0.50, 0.50)
2 220 0.100 1.00 x 107 (0.50, 0.50)
3 720 0.080 5.50 x 1077 (0.30, 0.35)
4 1650 0.060 3.00 x 1077 (0.10, 0.20)
5 3400 0.045 1.50 x 1077 (0.00, 0.10)

4.1.2. Field Statistical Analysis

The statistical analysis was based on pass-level frequency-band features obtained
from the real roadside truck experiment. For each field speed-load condition, the three
band proportions are reported as the mean & sample standard deviation (SD) and the
95% confidence interval (CI) of the mean, calculated using the Student-t distribution
(n = 10). Because P;, Py, and Py sum to unity and are therefore compositional, the
additive log-ratio coordinate

was specified as the primary inferential outcome. A categorical two-way analysis of
variance (ANOVA) was fitted with speed, load, and their interaction as fixed effects; pass-
level observations were treated as experimental repetitions. Partial > was reported as
the effect-size measure. The homogeneity-of-variance assumption was acceptable for the
ALR outcome (median-centered Levene test, p = 0.465). A reliable one-to-one pairing
identifier between the light- and heavy-load passes was not retained. Speed-specific load
contrasts were therefore treated as independent and evaluated using Welch tests, with Holm
adjustment across the three speeds, rather than imposing an unverified paired structure.
The individual band proportions were retained as descriptive and secondary outcomes
rather than interpreted as statistically independent responses.

4.2. Simulated Acoustic Response Analysis
4.2.1. Vehicle-Dynamic Response

Table 4 summarizes the CarSim response while the vehicle traversed the speed bump.
The achieved mean speeds were within 0.05 km/h of the target values. Heavy load in-
creased the absolute front- and rear-axle force peaks, whereas its body vertical-acceleration
RMS and peak values were lower than those of the corresponding light-load condition.
No front- or rear-axle contact loss occurred in the six nominal runs. This result shows that
a larger static and impact force does not necessarily produce a larger body-acceleration re-
sponse, and it cautions against assigning an acoustic band directly to sprung-mass acceleration.
Figure 2 visualizes the corresponding body-acceleration and axle-force measures for the
six conditions.
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Table 4. CarSim dynamic-response summary for the six speed-load conditions.

Condition Mean Body Acc. Body Acc. Front-Axle Rear-Axle

Speed (km/h) RMS (m/s?) Peak (m/s?) Peak (kN) Peak (kN)
20 km/h, light load 19.985 0.484 2.746 71.07 63.10
20 km/h, heavy load 19.988 0.360 2.083 85.35 80.47
30 km/h, light load 30.002 0.537 3.008 76.20 66.77
30 km/h, heavy load 30.028 0.403 2.219 89.73 82.26
40 km/h, light load 39.978 0.584 3.006 78.65 64.83
40 km/h, heavy load 39.960 0.470 2.593 91.52 83.85

0.55 A

0.50 A

0.45

0.40 +

Body vertical acceleration RMS (m/s?)

0.35 1

90 4

75 4

70 4

Peak axle vertical force (kN)

65

go{ W-"7TT

n

~0=—_
—@— Eronk fyft — —— Frontheavy — _ °
= Rear, heavy

P =@ Rear, light

20

25

30

35 40 20

Target speed (km/h)

25

30

35 40
Target speed (km/h)

Figure 2. CarSim body vertical-acceleration RMS and peak axle vertical forces under the six nomi-

nal conditions.

4.2.2. Time-Frequency Spectrograms

To examine the time—frequency structure of the synthesized vehicle-pass sound, STFT
spectrograms were generated at 30 km/h under light and heavy loads using the same pre-
emphasis, frame length, and frame shift as the field-signal pipeline. Figure 3 shows discrete
broadband responses at the detected wheel-force impulse times. Differences in event timing
and decay are visible, but the spectrograms alone do not establish a load-specific radiation
mechanism because the modal transfer function is uncalibrated.

5000
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Frequency (Hz)

2000

1000

Figure 3. Cont.
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30 km/h, heavy-load condition
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3 =
g i
&= 2000 -40 ¢

1000

-60

0.5 1.0 1.5 2.0 2.5 3.0 3.5
Time (s)

(b) Heavy-load condition

Figure 3. Time-frequency spectrograms of the same vehicle passing over the speed bump at 30 km/h:
(a) light-load condition; (b) heavy-load condition.

The spectrograms provide qualitative evidence only and are not used as a standalone
quantitative criterion. Therefore, the following subsection further extracts normalized
energy ratios from low-, mid-, and high-frequency bands.

4.2.3. Frequency-Domain Feature Variation Under Different Speeds

Figure 4 directly overlays the normalized power spectral distributions for the light-
and heavy-load simulations at 30 km/h. The common axes and distinct line styles make the
load-associated differences visible without relying on comparisons between separate panels.
Table 5 lists the three-band feature vectors under all simulated speed and load conditions.

Light- and heavy-load spectra at 30 km/h

0.07 A —— Light load

——- Heavy load

o

o

=)
1

0.05

0.04 1

0.03

0.02 A

Normalized spectral energy per bin

o

o

=
1

0.00

1000 2000 3000 4000 5000
Frequency (Hz)

Figure 4. Overlay of the normalized power spectral distributions for the synthesized light- and heavy-
load cases at 30 km/h. The light-load spectrum is shown as a blue solid line and the heavy-load
spectrum as an orange dashed line; shaded regions denote the 500-1000, 1000-3000, and 3000-5000 Hz

analysis bands.

The newly generated signals were processed with the same a = 0.96 pre-emphasis,
30 ms Hann-windowed frames, 10 ms frame shift, and event-level average PSD used for
the field recordings. The overlaid curves have similar principal peak regions, but the heavy-
load spectrum is relatively lower in the 500-1000 Hz band and higher in the 3000-5000 Hz
band. At 20 km/h, P; decreased from 34.88% under light load to 28.58% under heavy
load, while Py increased from 26.81% to 32.46%. The same direction occurred at 30 and
40 km/h. Thus, the present uncalibrated physics-informed synthesis does not reproduce
the field-data tendency of higher P; and lower Py under heavy load.
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Table 5. Normalized frequency-domain features under different simulated speeds.
Condition Py (500-1000 Hz) Py (1000-3000 Hz) Py (3000-5000 Hz) Feature Vector
20 km/h, light load 34.88% 38.31% 26.81% [0.3488, 0.3831, 0.2681]
20 km/h, heavy load 28.58% 38.96% 32.46% [0.2858, 0.3896, 0.3246]
30 km/h, light load 35.15% 38.07% 26.77% [0.3515, 0.3807, 0.2677]
30 km/h, heavy load 31.64% 37.41% 30.95% [0.3164, 0.3741, 0.3095]
40 km/h, light load 33.55% 37.64% 28.80% [0.3355, 0.3764, 0.2880]
40 km/h, heavy load 31.61% 37.40% 30.98% [0.3161, 0.3740, 0.3098]
The relative shift coefficients in Table 6 quantify this model-field discrepancy. Because
the ratios are compositional, the positive high-frequency shift cannot be interpreted in-
dependently of the negative low-frequency shift. The similarity of the 30 and 40 km/h
feature vectors also indicates that the normalized spectral shape is governed mainly by
the assumed modal transfer function, whereas speed primarily changes event timing and
amplitude in the present synthesis.
Table 6. Relative shifts from light-load to heavy-load condition.
Speed APL APy APy Main Observation
20 km/h —0.1805 0.0167 0.2109 Synthesized energy shifts from the low to the high band.
30 km/h —0.0998 —0.0174 0.1558 The same model-dependent shift remains.
40 km/h —0.0578 —0.0064 0.0758 The high-band increase remains at the highest speed.

4.2.4. Robustness Checks and Descriptor Comparison

To determine whether the opposite simulated and field trends resulted from a
particular signal-processing choice, a one-factor-at-a-time sensitivity analysis was con-
ducted around the reference setting (x = 0.96, 30 ms Hann window, 10 ms frame shift,
500-1000/1000-3000/3000-5000 Hz bands, and a 0.75/1.25 s pre-/post-event window). The
tested factors were the pre-emphasis coefficient, frame length, PSD estimator, frequency-
band boundaries, and event-window duration. For each setting, the heavy-minus-light
differences in P, Py, and ALR} ;g were calculated at 20, 30, and 40 km/h. A setting
was considered consistent with the field direction only when AP, > 0, APy < 0, and
AALR; /g > 0. This sensitivity grid was applied to the synthesized signals only. The
retained field dataset supports pass-level normalized band analysis but not reprocessing
under alternative waveform-level settings; field invariance to these preprocessing choices
is therefore not claimed.

None of the 48 speed-by-setting evaluations reproduced the full field direction. All
evaluations using the reference pre-emphasis coefficient (¢ = 0.96) remained opposite to
the field direction. A small number of alternative pre-emphasis or band-boundary settings
produced a positive AALR} /g, but they did not meet the full criterion because P; and
Py did not change simultaneously in the required directions. Welch PSD and the frame-
averaged periodogram gave nearly identical band ratios. The simulated—field disagreement
is therefore not attributable to the PSD estimator and remained under every complete
direction criterion tested. Table 7 summarizes the tested factors and outcome ranges, and
Figure 5 visualizes the corresponding ranges of AALR] /p;.
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Table 7. Sensitivity of the synthesized heavy-light spectral direction to signal-processing choices.

Factor Tested Levels Field-Direction Matches AALRy,g Range
Pre-emphasis coefficient 0, 0.90, 0.96, 0.98 0/12 —0.393 to 0.009

Frame length 20, 30, 40, 50 ms 0/12 —0.418 to —0.133
PSD estimator Frame-averaged periodogram, Welch 0/6 —0.391 to —0.133

500-800-2500-5000, 500-1000-3000-5000,

Band boundaries and 500-1200-3500—5000 Hz 0/9 —0.405 to 0.065
Event window 0.25/0.75,0.75/1.25, and 1.25/1.50 s 0/9 —0391 to —0.133
pre-/post-event
Pre-emphasis :
Frame length 4 i
PSD estimator i
Band boundaries - :
Event window - T ENO ALR change
—0I.4 —C:.3 —C;.2 —Ol.'l 010

Heavy-minus-light AALR /4

Figure 5. Range of the synthesized heavy-minus-light additive log-ratio, AALR ;f, under each
sensitivity factor. Positive values occurred for a small subset of settings; full field-direction agreement
required simultaneous AP, > 0, APy < 0, and AALRy ;7 > 0.

Conventional spectral descriptors and MFCCs were extracted from the same six
synthesized event signals as a descriptive comparison. Spectral centroid, 85% roll-off,
normalized entropy, and flatness were computed from the 500-5000 Hz Welch spectrum.
MEFCC extraction used & = 0.96 pre-emphasis, 25 ms Hamming frames, a 10 ms frame shift,
a 512-point transform, 26 triangular mel filters spanning 300-5000 Hz, and 13 coefficients;
Table 8 reports the means of the first five coefficients. Relative to the light-load synthesis,
the heavy-load synthesis had a higher mean spectral centroid, roll-off frequency, and
spectral entropy, together with a lower ALR} , and slightly lower spectral flatness. The
centroid, roll-off, and ALR results indicate that the assumed transfer function shifted the
synthesized heavy-load spectrum toward higher frequencies. Because each simulated
speed-load condition contains only one deterministic realization, no classifier performance
or inferential descriptor comparison is claimed. This six-signal comparison is intended only
as a model-diagnostic description and does not demonstrate that the proposed descriptor
outperforms conventional spectral or cepstral features.

Overall, the CarSim results demonstrate load-dependent differences in axle force and
body acceleration, while the acoustic synthesis provides a reproducible coupling procedure
from wheel-force impulses to a relative pressure waveform. The reference analysis showed
the opposite simulated and field direction, and none of the 48 sensitivity evaluations met
the complete field-direction criterion. The simulation is therefore retained as a transparent
feasibility and model-discrepancy analysis rather than as independent acoustic validation.
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Table 8. Descriptive comparison of conventional and MFCC features for the synthesized signals.

Descriptor Light-Load Mean Heavy-Load Mean Heavy-Light Direction
Spectral centroid (Hz) 1974.5 2054.8 Higher
85% spectral roll-off (Hz) 3622.2 3655.6 Higher
Normalized spectral entropy 0.8520 0.8597 Higher
Spectral flatness 0.4429 0.4426 Lower
ALR; /g 0.2294 —0.0283 Lower
MEFCC 1 mean —295.089 —296.517 Lower
MFCC 2 mean 1.124 1.036 Lower
MFCC 3 mean 0.245 0.234 Lower
MEFCC 4 mean 0.035 0.039 Higher
MFCC 5 mean 0.054 0.068 Higher

4.3. Comparison with Real Roadside Truck Measurements

To examine the empirical load-associated pattern separately from the uncalibrated
synthesis, the same 4 x 2 box truck was measured under light and heavy loads at nominal
speeds of 20, 30, and 40 km/h. The field vehicle was a 2025-model-year Dongfeng Tianjin
KR Plus 4 x 2 box truck (DFH5170XXYEX16), manufactured by Dongfeng Commercial
Vehicle Co., Ltd. (Shiyan, China) in 2026. It had a 9.8 m cargo body and was powered
by a Dongfeng DDi75E300-60 7.5 L inline six-cylinder China VI diesel engine rated at
220 kW, coupled to a Fast 8]JS125TA manual transmission. Previous road testing of a
comparable Dongfeng Tianjin commercial truck characterized cab-suspension and road-
induced vibration responses, providing relevant vehicle-dynamic context for this vehicle
family [17]. Ten pass-level feature records were retained for each of the six speed-load
conditions. Figure 6 shows the field truck, and Table 9 reports the condition-level frequency-
band statistics. Because the field and simulation domains differ and the acoustic transfer
model was not calibrated to the measurement setup, their comparison is used to assess
directional agreement rather than to claim model validation.

Table 9. Pass-level field frequency-band results for the six speed—load conditions. Values are mean +
SD [95% CI], with n = 10 passes per condition.

Speed Load Pr. (500-1000 Hz) Py (1000-3000 Hz) Py (3000-5000 Hz)
20km/h  Light 2.91 £ 0.08 [2.86, 2.96]% 76.80 £ 0.50 [76.44, 77.16]% 20.29 £ 0.51 [19.93, 20.65]%
20km/h Heavy  39.38 £ 1.22[38.51, 40.26]% 56.37 £ 1.18 [55.52, 57.22]% 425+ 0.14 [4.15, 4.35]%
30km/h Light 2.53 £ 0.08 [2.48, 2.58]% 73.72 £ 0.85[73.11, 74.33]% 23.75 £ 0.83 [23.16, 24.34]%
30km/h Heavy  36.88 + 1.05[36.13, 37.63]% 56.94 £ 1.14 [56.12, 57.76]% 6.18 £ 0.17 [6.06, 6.30]%
40km/h  Light 2.08 £ 0.05 [2.04, 2.12]% 70.35 £ 1.05 [69.60, 71.10]% 27.57 £+ 1.04 [26.83, 28.31]%
40 km/h Heavy  32.89 £ 0.82[32.30, 33.48]% 58.11 £ 0.87 [57.49, 58.731% 9.00 £ 0.31 [8.78, 9.22]%

The heavy-load condition consistently showed a markedly larger 500-1000 Hz propor-
tion and a smaller 3000-5000 Hz proportion than the light-load condition at all three speeds.
Under light load, P; decreased from 2.91% at 20 km/h to 2.08% at 40 km/h, whereas
Py increased from 20.29% to 27.57%. Under heavy load, P; decreased from 39.38% to
32.89%, while Py increased from 4.25% to 9.00%. Thus, increasing speed shifted the nor-
malized field spectrum toward the high-frequency band under both load states, although
the load-associated separation remained visible at 40 km/h.

Figure 7 shows the condition means with 95% Cls. The nonparallel ALR profiles
indicate that the magnitude of the load contrast changed with speed. The heavy-minus-
light ALR difference declined from 4.168 at 20 km/h to 4.026 at 30 km/h and 3.880 at
40 km/h, but every contrast remained positive and its CI excluded zero (Table 10; Holm-
adjusted p < 0.001 at every speed).
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Figure 6. The 2025-model Dongfeng Tianjin KR Plus 4 x 2 box truck (DFH5170XXYEX16), manu-
factured in 2026, powered by a Dongfeng DDi75E300-60 diesel engine, and used in the roadside

acoustic experiment.
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Figure 7. Field frequency-band proportions and additive log-ratio across speed and load conditions.

Points denote pass-level condition means and error bars denote 95% confidence intervals (n = 10

per condition).
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Table 10. Speed-specific heavy-minus-light contrasts for ALR; ;y = In(Pr,/Py). Confidence inter-
vals and tests are based on independent pass-level observations; p values were adjusted by the

Holm method.
Speed Mean Difference 95% CI Holm-Adjusted p
20 km/h 4.168 [4.125, 4.212] <0.001
30 km/h 4.026 [3.991, 4.060] <0.001
40 km/h 3.880 [3.841, 3.919] <0.001

The two-way ANOVA on the ALR outcome identified significant effects of speed
(Fp54 = 1788.48, p < 0.001, partial 72 = 0.985), load (F; 54 = 140468.89, p < 0.001, partial
7% > 0.999), and the speed x load interaction (F;54 = 60.03, p < 0.001, partial 2 = 0.690).
The interaction confirms that speed altered the magnitude of the load-associated low-to-
high frequency redistribution: the heavy-light separation weakened progressively with
increasing speed rather than remaining constant across the three operating conditions.
The field direction is opposite to the present uncalibrated modal-convolution result, in-
dicating that the assumed force-to-pressure transfer function does not yet represent the
combined structural-radiation, propagation, background-noise, and microphone effects of
the field experiment.

5. Discussion

The proposed method provides an interpretable representation for same-vehicle load-
state comparison. The expanded field experiment replaces the former small set of measure-
ments at one nominal speed with 60 pass-level observations covering 20, 30, and 40 km /h.
The load-associated direction was reproduced at every tested speed: heavy load was as-
sociated with a larger 500-1000 Hz proportion, a smaller 3000-5000 Hz proportion, and a
positive ALR| /iy contrast. Because the three ratios sum to unity, they must be interpreted
jointly. The narrow within-condition confidence intervals indicate that the pattern was re-
peatable under the controlled acquisition conditions used in this experiment. However, the
acoustic data alone cannot assign the pattern uniquely to sprung-mass motion, suspension
response, mechanical clearance, or another physical source. References to body vibration,
suspension response, tire force, and structural radiation therefore denote possible contribut-
ing sources only and should not be interpreted as identified band-specific mechanisms.

The significant speed x load interaction also shows that the descriptor is not speed
invariant. The low-to-high frequency separation between load states decreased as speed
increased. Accordingly, a practical decision rule should either control for speed or include
speed as an explicit model variable. For an operational implementation, a vehicle- and
site-specific light-load reference distribution could first be established within defined speed
intervals. A pass could then be flagged when its ALR value exceeds a speed-specific
threshold or the prediction limit of a speed-adjusted reference model. The present dataset
supports this conceptual approach but is insufficient to select and independently validate a
deployment threshold. The results therefore strengthen controlled same-vehicle comparison
but do not establish a vehicle-independent load classifier or performance under unobserved
roads, vehicles, sensor arrangements, or environments.

The vehicle-dynamic simulation adds a separate physical perspective. Heavy load
produced higher absolute axle-force peaks but lower body vertical acceleration. After the
detected wheel-force impulses were passed through the assumed modal transfer function,
the reference synthesized heavy-load signals had lower P;, higher Py, a higher spectral
centroid, and a higher spectral roll-off frequency, opposite to the field trend. None of
the 48 sensitivity evaluations met the complete field-direction criterion. A reproducible
force-to-pressure convolution is therefore not equivalent to an acoustically calibrated
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vehicle model, and the current simulation is better interpreted as a transparent model-
discrepancy analysis.

The analysis does not support a classification-performance claim. Although conven-
tional descriptors and MFCC means provide a useful model-diagnostic comparison, they
were calculated from only six deterministic synthesized signals. They therefore cannot sup-
port claims of classifier accuracy or comparative feature superiority. The 60 field observations
support uncertainty estimates and formal speed-load inference for the proposed composi-
tional descriptor, but all measurements still concern one truck at one excitation location.

Several limitations remain. Exact field axle loads, suspension and tire states, micro-
phone sensitivity and calibration, microphone orientation, ambient-noise level, weather,
pavement state, and actual pass-speed distributions were not retained for every observation.
Calibrated absolute-amplitude field data were not available for a defensible comparison of
non-normalized band energy. The archived field dataset contains pass-level normalized
frequency-band features rather than complete raw audio. Independent waveform-level
reprocessing under alternative preprocessing settings therefore cannot be performed. This
does not affect the reported statistical analysis, which is based on the retained features
from the real field passes, but it limits reproducibility of the complete waveform-processing
pipeline. Although the vehicle model, payload conditions, microphone position, wheelbase,
and test masses are now documented, each CarSim condition is a single nominal run.
The CarSim model remains an engineering parameterization rather than a manufacturer-
calibrated representation of the DFH5170XXYEX16, and the tire-model logs contain extrapo-
lation warnings at the imposed wheel loads. Finally, the modal frequencies, damping ratios,
and gains require identification using a hammer test or synchronized force, structural-
acceleration, and microphone measurements before causal or absolute sound-pressure
claims can be made.

6. Conclusions

This study developed a normalized frequency-domain acoustic descriptor for com-
paring load states of the same vehicle under controlled operating conditions. In-band
PSD normalization converts the 500-5000 Hz spectrum into the compositional vector
Vfreq = [P, Py, Py]. Across 60 field passes at 20, 30, and 40 km /h, heavy load consistently
produced a larger 500-1000 Hz fraction and a smaller 3000-5000 Hz fraction than light load.
Log-ratio analysis identified significant speed, load, and speed X load effects, with the
heavy-light low-to-high frequency separation decreasing as speed increased.

The main contribution of this study is an evidence-bounded framework that dis-
tinguishes an empirical load-sensitive acoustic signature from an unvalidated physical
interpretation. The framework combines a compositional three-band spectral descriptor,
replicated speed-by-load field measurements, and an explicit simulation—field discrepancy
analysis. The field results establish a repeatable within-vehicle redistribution of normalized
spectral energy and quantify its speed dependence through the additive log-ratio. In
contrast, the opposite direction produced by the CarSim-to-acoustic synthesis, with no
complete field-direction match in 48 sensitivity evaluations, shows that wheel-force excita-
tion alone is insufficient to reproduce the roadside spectrum without calibrated structural
radiation, propagation, background-noise, and microphone-response components. This
distinction clarifies both the information carried by the normalized acoustic descriptor and
the physical mechanisms that remain unresolved.

Accordingly, the proposed descriptor should be interpreted as an exploratory same-
vehicle monitoring feature under controlled acquisition conditions, with speed controlled or
explicitly modeled, rather than as a universal load classifier or calibrated acoustic-radiation
model. The findings have not yet been generalized across vehicle types, suspension
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configurations, pavement conditions, or sensor layouts. Future work should evaluate
additional vehicles and load levels, retain complete raw audio and calibration metadata,
and use synchronized force, structural-acceleration, and calibrated acoustic measurements
to identify the force-to-pressure transfer relationship [18-21].
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