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Highlights

What are the main findings?

e A highly accurate and robust Gaussian filter that adapts to any data source.
e  The method outperforms both traditional filters and deep learning approaches.

What are the implications of the main findings?

e  Enables real-time, precise road assessment for cost-effective maintenance.
e  Provides a practical and reliable solution that is ready for immediate industry deployment.

Abstract

The International Roughness Index (IRI) is calculated from elevation profiles acquired by
high-speed profilers or laser scanners, but these raw data often contain measurement noise
and extraneous wavelength components that can degrade the accuracy of IRI calculations.
Existing filtering methods expose a limitation in removing IRI-insensitive wavelength com-
ponents. Thus, this paper proposes a Gaussian filtering algorithm based on the Nyquist
sampling theorem to remove IRI-insensitive components of the longitudinal profile. The
proposed approach first adaptively determines Gaussian template lengths according to
sampling intervals, and then incorporates a boundary padding strategy to ensure pro-
cessing stability. The proposed method enables precise wavelength selection within the
IRI-sensitive band of 1.3-29.4 m while maintaining computational efficiency. The method
was validated using the Paris-Lille dataset and the U.S. Long-Term Pavement Performance
(LTPP) program dataset. The filtered profiles were evaluated by Power Spectral Density
(PSD), and IRI values were calculated and compared with those obtained by conventional
profile filtering methods. The results show that the proposed method is effective in re-
moving the non-sensitive components of IRI and obtaining highly accurate IRI values.
Compared with the standard IRI provided by the LTPP dataset, mean absolute error of
the IRI values from the proposed method reaches 0.051 m/km, and mean relative error is
less than 4%. These findings indicate that the proposed method improves the reliability of
IRI calculation.

Keywords: International Roughness Index; IRI-insensitive wavelength; spectral analysis;
Nyquist criterion; real-time filtering; pavement; maintenance
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1. Introduction

As the total mileage of roads in China continues to expand [1-3], highway mainte-
nance has become an increasingly important task in the field of road infrastructure [4].
Various evaluation indicators have been developed to support decision-making in road
maintenance, including the Pavement Condition Index (PCI) [5], road roughness [6], and
the Skid Resistance Index (SRI) [7]. Among these, IRI (International Roughness Index) is a
key indicator, directly reflecting the quality and safety of road surfaces, and is considered
one of the most significant measures of road conditions [8-13].

A sensitive frequency range for IRI was determined through extensive correlation
analysis in the World Bank’s 1986 “International Roughness Index (IRI) Calibration Study”:
0.034-0.769 m~! (space frequency: 1.3-29.4 m wavelength) [14]. The linear correlation
coefficients between this range and passenger vibration acceleration, suspension dynamic
travel, and tire dynamic loads all exceeded 0.9.

The accuracy of IRI calculation is influenced by insensitive wavelength components;
some researchers have directly used longitudinal profile elevation data and various mathe-
matical methods to calculate IRI, but these approaches have not achieved high accuracy.
While the ASTM E1926-08 standard employs a 250 mm moving average, this approach
poses two key limitations in the context of high-resolution data (10-150 mm sampling) [15].
Firstly, its rigid wavelength selection lacks adaptability to different sampling intervals, po-
tentially over-smoothing critical signals. Secondly, its inadequate noise suppression beyond
the IRI-sensitive band (1.3-29.4 m) necessitates additional numerical filtering, leading to
cumulative error propagation in the quarter-car model. And the preprocessing stage often
involves default moving average filters, which do not effectively eliminate the influence of
IRI-insensitive frequency bands. At present, the more advanced wavelet-based denoising
filter and the Savitzky—Golay filter have difficulty determining the parameters and high
calculation cost, which makes it difficult to achieve light weight [16]. In addition, model
prediction and Al methods must account for the impact of multiple factors when calculating
the IRI, and existing models and neural networks have spatiotemporal limitations [17-20].

This study proposes three modules to address the problems mentioned above, and
major contributions are summarized as follows:

(1) A Gaussian filtering algorithm based on the Nyquist sampling theorem was pro-
posed, enabling the precise removal of IRI-insensitive wavelengths (1.3-29.4 m) while
maintaining computational efficiency.

(2) A computationally efficient filtering framework with automatic parameter adapta-
tion to sampling interval variations (validated for 10-150 mm range, spanning 15X
variation) across two sensor acquisition geometries: line-scanning profilers (ICC
MDR 4086L3, D = 25/150 mm) and rotating multi-beam LiDAR (Velodyne HDL-32E,
D = 10 mm) on asphalt concrete pavements under standard measurement conditions
(dry, daytime, >10 °C).

(3) Validation using both the U.S. LTPP and France Paris-Lille datasets demonstrated
superior performance, with a mean absolute error of 0.051 m/km and a mean relative
error below 4% in the IRI calculation.

(4) The method achieves full compliance with the ASTM E1926-08 standards and enables
direct integration into quarter-car models, offering a practical real-time solution for
pavement maintenance and autonomous driving applications.

2. Related Work
2.1. Mathematical Computational Methods

These methods generally require measurements of the longitudinal road profile [21]
and elevation values. The IRI was originally proposed by researcher M. Sayers at the
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University of Michigan [22], calculating the response of a quarter-car model traveling at
80 km/h on a given road surface. For specific calculation details, please refer to the report
by Sayers et al. [23]. Mirtabar et al. [24] employed low-cost three-axis Micro Electrome-
chanical System (MEMS) accelerometers and GPS sensors connected to an Arduino board,
embedded in a vehicle, to monitor road surface conditions. By double-integrating the
Z-axis acceleration data, the road surface profile could be determined, allowing for auto-
matic calculation of the IRI. However, the accuracy of this method is not ideal. Contreras
et al. [25]. used unmanned aerial vehicles (UAVs) and photogrammetry to obtain pavement
IRI measurements; however, this approach has certain limitations, such as the UAV’s flight
altitude and weather conditions. Other researchers have explored the use of inertial sen-
sors in smartphones [26-28] or custom sensor platforms [29-31] for IRI calculations. The
lowest-cost approach is to attach sensors to bicycles to capture data [32,33]. These methods
are more accessible, cost-effective, and less affected by environmental factors compared to
traditional instruments, but they are still in the early stages and require further research to
fully evaluate their potential and limitations.

2.2. The Quarter-Car Model

In IRI’s standard calculation procedures, the quarter-car model is widely used [34].
This model was first presented in the National Highway Research Program (NCHRP)
report. The model is also called the Golden Car. The quarter-car parameters are defined as
part of the IRI statistic. The IRI calculation results show minimal deviation from the “true
value” when the vehicle speed reaches 80 km/h [35]. The Golden Car parameters are:

K =633 =653 =6 =015 (1)
where k; is the spring rate, m; is the sprung mass, k; is the tire spring rate, c is the damper
rate, and m,, is the unsprung mass.

By inserting the Golden Car parameters into the four equations of the IRI definition,
a more accurate IRI value can be obtained. Details of the calculations can be found in
Sayers et al. [23]. To addressed issues such as incomplete standard procedures in two major
research reports, Li et al. [36] proposed a new solution for calculating IRI based on PIM.
Experiments have shown that this method has higher calculation efficiency, accuracy, and
stability due to the ASTM code and CEN code. Zhao et al. [37] used a half-car model for
modeling and a genetic algorithm to identify the relevant parameters, which gave better
results in the simulation experiments. Thite developed a refined quarter-car suspension
model, which included the effect of series stiffness, to estimate the response at higher
frequencies [38]. However, these methods have not yet been replicated on a large scale, and
there is still a need for further proof of stability.

3. Gaussian Filtering Method Incorporating the Nyquist Theorem

Figure 1 illustrates the model development process. In Figure 1a, a real road segment
is shown for road roughness detection, with elevation sampling points marked in red,
obtained using a profilometer or laser scanning system. Figure 1b displays the original
longitudinal profile, which contains many sharp undulations, and these high-frequency
noises along with some of the larger wavelength components have a large impact on
the accuracy of the IRI calculations. Figure 1c shows the 3D radar point cloud map and
complete left and right wheel tracks of the road. To address and eliminate interference
issues, the study proposes a Gaussian filter incorporating the Nyquist theorem to remove
IRI-insensitive components in longitudinal profile data and better determine the actual
condition of the road surface.
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Figure 1. Real road segment suggested for road roughness detection. (a) is a road segment, (b) is a

longitudinal section, and (c) displays the 3D radar point cloud.

3.1. Gaussian Filter for Removing IRI-Insensitive Components

Unlike image denoising processes, the Gaussian filter for the longitudinal profile data
proposed in this study is primarily used to process discrete elevation points. Therefore,
the Gaussian template for each point is a set of discrete values. Assuming that there are n
elevation points in the longitudinal profile data, when filtering each point, k points on each
side of that point must participate. Taking the i-th point (i = 1,2,...,n) as an example, the

Gaussian template can be represented as follows:

@

where G;(i = 1,2, ..., n) is the Gaussian template for the i-th point and Y; (j=i—ki—-k+1,
...,i+k) is the elevation value of each point. Gi(y]-) (i=12,...,mj=i—k,...i+k)is
the weight assigned to the j-th point when calculating the Gaussian template for the i-th

point (i =1,2,...,n).
The weight assigned to each point in Equation (2) is expressed as follows:
8iy)) .
Gl(y]) = ]=l+lk—](l = 1,2,. . .,Tl)
r kgi(yj)

j=i—

®)
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where g;(y;) (i =1,2,...,n;j = i —k,...i+ k) is the result of the calculation of the Gaus-
sian function [39,40]. With y;(j =i—k,...,i+k) as the input, it can be represented
as follows:
(=)
1 T 2?

gi(yj) = ﬁ

where p;(i =1,2,...,n)and 0;(i=1,2,...,n) are the mean and standard deviation of the

(i=1,2...mj=i—k.. itk (4)

sample, respectively. y; represents the elevation value at position j, y; = (1/(2k + 1))
yj is the local mean, o; = | /[(1/2k) X (y; — 1#;)?] is the local standard deviation, and the
factor 1/(c7,/(2m)) ensures proper probability distribution normalization. For a physical
interpretation, points with elevations close to the local mean y; receive higher weights
(approaching 1/ \/(271(71-)), while outliers farther than +2¢; are exponentially suppressed
(weight < 0.05 of peak). This adaptive behavior allows the filter to distinguish between
genuine pavement features and measurement noise based on local statistical context.

Once the Gaussian template is determined, convolving it with the elevation values of
the corresponding longitudinal profile data can be represented as follows:

i+k
ygs: Zk(y]cl(y]))(l:1'2”n) (5)
==
i+k
o =yi= L (5 G)(=12.m) ©
==

where Y5 represents the value after Gaussian low-pass filtering for the longitudinal profile
data, and y¢sp represents the value after Gaussian high-pass filtering for the longitudinal
profile data. Theoretically, a low-pass filter eliminates or suppresses wavelengths smaller
than a specified value, whereas a high-pass filter removes wavelengths larger than a
specified value.

3.2. Nyquist Sampling Theorem to Determine Gaussian Template Lengths

Section 3.1 provides a brief description of the Gaussian filter for removing IRI-
insensitive components. However, a critical step in using a Gaussian filter is determining
the size of the Gaussian template (the value of k in Equation (2)), because this directly
influences whether specific components within a given band can be effectively preserved
or removed. To address this issue, this study combines the characteristics of longitudinal
road profile data and utilizes the Nyquist sampling theorem to determine the size of the
Gaussian template.

The size of the discrete Gaussian template is related to the sampling intervals. Fol-
lowing the Nyquist theorem helps to select an appropriate template size that matches
the sampling frequency, preventing signal distortion while maintaining computational
efficiency. This Nyquist-based optimization ensures fast Gaussian filtering without com-
plex parameter tuning, as the template dimensions are inherently adapted to the signal
characteristics and sampling rates.

The basic description of the Nyquist sampling theorem [41] states that for a sinusoidal
signal to be accurately and completely represented by discrete sampling points, the sam-
pling interval must be no greater than half the wavelength of the sine wave. Through
Fourier transformation [42] of the original profile data, a series of sine signals with different
amplitudes, wavelengths, and phases [43] were obtained (Figure 2), where the reciprocal
of wavelength corresponds to wavenumber [44]. Figure 2b shows the wavenumber re-
sponse curve of the IRI. Based on this curve, the IRI exhibits significant gain within the
wavenumber range of 0.034-0.769 (corresponding to a wavelength range of 1.3-29.4 m [45]).
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Accordingly, the Nyquist sampling theorem can be applied to eliminate noise lying outside
the wavelength range of 1.3-29.4 m.
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Figure 2. The proposed method for longitudinal profile Gaussian filtering. (a) represents the original
profile curve, (b) is the wavenumber response curve of the IRI, and (c) is the result after filtering by
the Gaussian filter proposed, and the different colored sinusoids represent the various wavelength
components of the original curve.

To better illustrate this theory, assuming the true longitudinal profile y(x) (Figure 2a)
is sampled at equal intervals with a frequency of f;, the resulting discrete profile can be
represented as follows [46]:

ys(x) =fs il [e]"ZHfsmx -y(x)} 7)

where y;(x) is the discrete profile and f; is the sampling frequency.
To reconstruct the original profile y(x) fully from the discrete sampled values, it is
only necessary to ensure that

fs > 2fm ®)

In the spatial domain of longitudinal road profiles, we define the following: spatial
frequency: fi, = 1/Ty (cycles per meter), where Ty, is wavelength; sampling interval: D
(meters between consecutive elevation points); sampling frequency: f; = 1/D (samples
per meter). When a sine curve is defined as a function of distance, its spatial frequency is
essentially a wavenumber. The wavenumber refers to the number of occurrences of the
same wavelength component per unit length, and the reciprocal of the wavenumber is the
wavelength. Substituting into Equation (8) fs > 2f;, we can obtain 1/D > 2 x (1/Ty) =
D < Ty, /2; this establishes a critical relationship: to accurately represent wavelength T},
sampling interval D cannot exceed T, /2.

Therefore, to study the specified wavelengths in real longitudinal profile data, the
sampling interval must be satisfied.

1/Ts 22/ Tm )

where T; is the sampling interval and T, is the cutoff wavelength under study.
According to Figure 3, setting T at half of the cutoff wavelength T, ensures that the
original profile can be fully reconstructed using the discrete points involved in filtering.
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The length of T; is the product of the value k and D, where D is a constant representing the
distance between two adjacent sample points in the original profile data. Therefore, when

D is constant, the cutoff wavelength of the filter can be controlled by adjusting the value

f k.
o T

~ 2D
where T, denotes the cutoff wavelength of the filter. D is a constant representing the

k (10)

distance between two adjacent sample points in the original profile data. k is the size of the
discrete Gaussian template to be determined.
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Figure 3. Wavelength setting.

3.3. Boundary Point Processing

In Section 3.2, the size of the Gaussian template is determined through application
of the Nyquist sampling theorem. However, another issue has arisen. If the longitudinal
profile data have n discrete elevation points, the points involved in the filtering calculation
at the i-th point can be represented as follows:

y={Yikr YivYiYisrt,-- - Yirry (i =1,2,...,n) 11)

where y represents the set of elevation points involved in filtering at the i-th point and
yi(i=1,2,...,n) is the elevation value of each point.

If a filtering point is located on the left or right side of the entire longitudinal profile
data, wheni—k <OQori+k > n(i=1,2,...,n), these will lead to data going out of bounds.
These points are referred to as boundary points in this study, as shown in Figure 4a.

Figure 4 shows the boundary point processing. Given that it is impossible to predict
the road surface elevation trend beyond a specific longitudinal profile [47], to obtain a
better filtering effect for the boundary points located on the left side of the entire dataset,
the value of y; is used to fill in the missing values of the points participating in the filtering
at that point. Subsequently, the number of fillings is k — i — 1 for the boundary points
located on the right side of the entire dataset. The value of v, is used to fill in the missing
values of the points participating in the filtering at that point, and the number of fillings is
k +i—n, as shown in Figure 4b.

In addition, the boundary padding strategy, while introducing minimal error (quan-
tified in Section 5.1 as 2.1 mm average RMSE), ensures computational stability without
significantly impacting overall IRI accuracy. This trade-off is justified by the practical con-
straints of field data collection where complete boundary information is often unavailable.
The calculation and reasoning are as follows:

For a profile segment of length L with boundary padding ratio 3 = (2k-D)/L, the IRI
estimation error introduced by endpoint replication satisfies the following;:

https://doi.org/10.3390 /1518020240
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Figure 4. Boundary point processing. (a) shows the profile and location of the boundary points and
(b) shows how to fill the boundary points.
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where C & 0.12 is an empirically determined constant and il is the profile standard
deviation. For ASTM-compliant evaluations (L > 152.4 m, D < 150 mm, Tm = 29.4 m):

_ 2% (294/(2x0.15))
p= 152.4

=1.28

yielding | AIRI| < 0.150, which is negligible compared to typical measurement uncertain-
ties (0.2 m/km for Class 1 profilers).

4. Experimental Data

In this study, the filtering effectiveness and reliability of the proposed method for
longitudinal profile data were evaluated using two datasets.

4.1. Dataset-1

Dataset-1 consisted of longitudinal elevation data from the LTPP program in the United
States. The data was collected using the ICC MDR 4086L3 vehicle-mounted laser profilome-
ter (International Cybernetics Corporation, Largo, Florida, USA), which is equipped with
three laser-height sensors, a longitudinal distance sensor, and an accelerometer above
each laser-height sensor (LMI-Selcom SLS5000, LMI Technologies Inc., Burnaby, British
Columbia, Canada) [48]. All sensors have a measurement range of 200 mm. Two sensors
captured data along the left and right wheel paths, spaced 1.676 m apart, while the third
sensor recorded data along the lane center. Table 1 lists the correlated parameters, and
Figure 5 shows the actual equipment for data collection.
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Table 1. Longitudinal profile laser (LMI-Selcom SLS5000 200/300-RO) technology parameters [43].

Performance Indicator Parameter
Measurement Range 200 mm
Standoff Distance 200-400 mm
Nominal Standoff 300 mm
Data/Sampling Frequency 16 kHz
Frequency Response/Bandwidth Typical 2 kHz
Data Update Rate 16 kHz

Figure 5. ICC MDR 4086L3 vehicle-mounted laser profilometer [48].

This study utilized longitudinal profile data from the left and right tracks, representing
elevation measurements of general asphalt pavements. Eight LTPP datasets were analyzed:
these data were collected under various road conditions such as asphalt roads, rural gravel
roads, etc. Among these, there were four with sampling intervals of 25 mm and four
with intervals of 150 mm. The original data were pre-filtered to remove wavelengths
longer than 100 m, and each data segment was 152.4 m long. Analyzing the LTPP data
helps to better understand the impact of different sampling intervals on road roughness.
Figure 6 illustrates a segment of the original longitudinal road profile from the LTPP dataset,
showing numerous sharp undulations due to the smaller sampling interval.

20+

,  Relative Elevation(mm)
sz d w 3 &
1 1 1 1 1

|
W

20 40 60 80 100 120 140 160
Distance(m)

(=}

Figure 6. An example from the original longitudinal profile.

4.2. Dataset-2

Dataset-2 was collected using the L3D2 vehicle-mounted laser scanning system from
the Mines ParisTech Robotics Center in urban areas of Paris and Lille, France. The Paris—
Lille dataset was obtained using the L3D2 onboard laser scanning system from the Mines
ParisTech Robotics Center [49], the detailed specifications of the device are listed in Table 2.

https://doi.org/10.3390 /1518020240
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Table 2. Laser meter HDL-32E technology parameters [49].

Performance Indicator Parameter
Maximum Measuring Distance 100 m
Accuracy <20 mm
Density of Point Cloud 700,000 points/s
Vertical Field of View —30.67°~+10.67°
Vertical Angular Resolution 1.33°
Horizontal Field of View 360°
Horizontal Angular Resolution 0.08°~0.33°
Scanning Speed 5Hz~20 Hz

Although the raw data from the L3D2 system is in point cloud format, longitudinal
profile elevation data of the road surface can be extracted through post-processing. This
approach results in a smaller sampling interval (10 mm). Additionally, the high-density
point cloud captures finer details on the road surface, providing a more accurate and

realistic assessment when the IRI is used to evaluate driving quality. The equipment is
shown in Figure 7.

Figure 7. L3D2 vehicle-mounted laser scanning system [50].

5. Experiment Validations and Discussion
5.1. Experiment Validation Using Dataset-1
5.1.1. Filtering Effect of Gaussian Filter for Longitudinal Profile Data

The Gaussian filter for longitudinal profile data includes two versions: low-pass and
high-pass. The low-pass filter smooths the longitudinal profile, while the high-pass filter
has the opposite effect, preserving high-frequency details. By setting an appropriate cutoff
wavelength, the filter can effectively remove the influence of longitudinal roadway slopes,
resulting in an elevation profile that fluctuates around the horizontal axis.

Figure 8 shows the longitudinal profile after applying the Gaussian low-pass filter. The
original profile contains numerous sharp undulations due to the small sampling interval,
which is not ideal for accurate IRI calculation. The red and blue curves in Figure 8 represent
the profiles after removing road wavelengths of 1 m and 10 m, respectively, using the low-
pass filter. As the cutoff wavelength increases, the filtered profile becomes progressively
smoother. By choosing a suitable cutoff wavelength, high-frequency noise that affects IRI
calculations can be effectively eliminated.

https:/ /doi.org/10.3390/rs18020240
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Figure 8. Results after Gaussian low-pass filtering.

Figure 9 illustrates the longitudinal profile of the pavement after applying a Gaussian
high-pass filter, which effectively attenuates the low-frequency components by removing
pavement wavelengths below a predefined cutoff value. This filtering process highlights
finer surface variations and is particularly useful for preserving high-frequency details that
are often critical for evaluating short-wavelength roughness and detecting localized defects.
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(a) Profile with wavelengths less than 1m (b) Profile with wavelengths less than 10m

Figure 9. Results after Gaussian high-pass filtering.

In Figure 9a, where a relatively short cutoff wavelength is used, the filtered profile
clearly reveals the instantaneous undulations of the roadway surface. The maximum
vertical deviation is less than 5 mm, which indicates a high level of smoothness and
suggests that the pavement meets stringent ride quality standards. This level of detail is
especially valuable in contexts such as high-speed travel, where even small irregularities
can impact comfort and safety.

Figure 9b demonstrates the effect of increasing the cutoff wavelength. As more of
the high-frequency content is suppressed, the profile appears smoother overall, but subtle
features—such as minor surface waviness or small-scale defects—become less discernible.
This trade-off highlights the importance of selecting an appropriate cutoff wavelength
based on the specific application and the desired level of detail in the surface assessment.
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5.1.2. 25 mm and 150 mm Interval Sampling Experiment

Experiment 1 used Dataset-1 from the U.S. Long-Term Pavement Performance (LTPP)
program, a significant pavement performance research project. This study selected eight
datasets and applied the proposed Gaussian filter to evaluate pavement smoothness indices
on the filtered profiles. The results were then compared with those obtained using the
commonly used moving average filter [51] and the Butterworth filter [52].

The Power Spectral Density (PSD) of road profiles is a key statistical characteristic
for different wavenumbers (or wavelengths) [53,54], reflecting the structure and overall
characteristics of the road surface waveform. In this study, the road profile displacement
PSD was estimated using Fast Fourier Transform (FFT) via the ProVal software (Profile
Viewing and Analysis) software version 3.61 (The Transtec Group, Inc., Austin, TX, USA),
providing a frequency-domain validation of the filtering effectiveness. FFT window lengths
were chosen to capture at least two full cycles of the longest IRI-sensitive wavelength
(29.4 m), while the 50% overlap ensures adequate spectral resolution (Af ~ 0.02 cycles/m)
for distinguishing 1.3 m and 29.4 m cutoffs.

Figure 10a,b show the original profiles and the PSD results after filtering with three
filters at a 25 mm sampling interval. Figure 10c,d show the original profiles and the PSD
results after filtering with three filters at a 150 mm sampling interval.
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Figure 10. Power Spectral Density (PSD) comparison of pavement profiles based on Fast Fourier
Transform (FFT).

Figure 10a demonstrates that both the moving average filter and the proposed Gaus-
sian filter effectively suppress short-wavelength artifacts (components with wavelengths
less than 1.3 m) as well as long-wavelength components. However, the PSD of the profile
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filtered with the moving average filter exhibits instability in the attenuated high-frequency
region, indicating inadequate smoothing of short-wavelength noise.

Figure 10b reveals that both the Butterworth filter and the Gaussian filter proposed
in this study effectively reduce insensitive components in the IRI calculation process.
Nevertheless, the Butterworth filter excessively attenuates wavelengths that are insensitive
to IRI, potentially causing the filtered data to deviate from the actual profile and resulting
in underestimated IRI values.

In Figure 10c, it is evident that as the sampling interval increases, there is a noticeable
improvement in the unstable bias of high-frequency components when using the moving
average filter. This indicates that the moving average filter has certain requirements for the
sampling frequency and is not suitable for very small sampling intervals.

Figure 10d shows that the Butterworth filter and the Gaussian filter proposed in
this study still perform well, without specific requirements for the sampling interval.
However, the Butterworth filter excessively weakens insensitive wavelength components
while slightly enhancing sensitive wavelength components, leading to certain deviations
between the filtered data and the actual situation.

In addition to the above experiments, comparative experiments on Kalman filters
were also conducted. The Kalman filter was included as a comparison baseline because
it represents the theoretical optimum (MMSE estimator) for linear Gaussian systems and
has been successfully applied in recent pavement monitoring literature [55]. The specific
implementation details are as follows. State transition: Xx = A X{k — 1} + w_{k — 1},
where A =[1, D; 0, 1] and D is the sampling interval; measurement: Z; = H Xj + V},
where H = [1, 0]; process noise covariance: Q = q-[D3/3, D?/2; D?/2, D] with q=0.01
mm?/m; measurement noise variance: R = 0.1 mm? (matching profiler precision from
Table 1). The values q = 0.01 and R = 0.1 were optimized via grid search on validation
subset LTPP 02505-02508 (separate from test data) to minimize MSE against reference
profiles. This configuration yields an effective low-pass cutoff wavelength of approximately
1.3 m, fortuitously aligning with the lower IRI-sensitive boundary. However, unlike the
proposed Gaussian filter, the Kalman filter lacks an explicit dual-cutoff design (1.3-29.4 m
bandpass) and is computationally heavier.

These findings demonstrate that the Gaussian filter for longitudinal profile data
accurately and effectively processes longitudinal road profiles, providing better attenuation
of wavelengths that are not significant for IRI calculation.

After analyzing the PSD of all profile data, IRI calculations were conducted, with
the results presented in Tables 3 and 4. These tables include both the standard IRI values
provided by the LTPP dataset and the IRI values calculated using the four filters: the
proposed Gaussian filter, moving average filter, Butterworth filter, and Kalman filter. In
these tables, the “LTTP-Calculated Value” corresponds directly to the LTPP-provided IRI,
computed by the FHWA InfoPave software web platform, using Standard Data Release
38 (SDR 38, August 2024), which fully compliance with ASTM E1926-08 (2021) standard
practice. And the other sets of IRI values were obtained by using the ProVal software,
which is also fully compliant with the specification. It is explicitly confirmed that the
exact same IRI calculation workflow was applied to all methods. The only difference
between comparison methods was the filtering algorithm applied to raw profiles before
feeding them into the standardized ProVal calculation engine. This isolation ensures that
the performance differences in Tables 3 and 4 are solely attributable to filtering effectiveness,
not confounding implementation factors.
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Table 3. 25 mm sampling interval IRI values.
Gal'lssum Gaussian Moving Butterworth Kalman LTPP-
Data Numb Filter CI Width Average Filter Filter Calculated

ata Number Proposed Filter Value

(m/km) (m/km) (m/km) (m/km) (m/km) (m/km)
02501 Left 0.959 0.081 0.964 0.953 0.961 0.986
Right 0.861 0.073 0.879 0.84 0.863 0.908
02502 Left 1.448 0.123 1.46 1.426 1.451 1.516
Right 1.358 0.115 1.365 1.333 1.360 1.425
02503 Left 3.139 0.267 3.119 3.107 3.132 3.186
Right 3.022 0.257 3.039 3.009 3.025 3.105
02504 Left 1.543 0.131 1.551 1.579 1.546 1.587
Right 1.727 0.147 1.772 1.714 1.730 1.771

Table 4. 150 mm sampling interval IRI values.
Ga1.1551an Gaussian Moving Butterworth Kalman LIPP-
Data Numb Filter CI Width Average Filter Filter Calculated

ata Number Proposed Filter Value

(m/km) (m/km) (m/km) (m/km) (m/km) (m/km)
15001 Left 1.448 0.123 1.513 1.457 1.452 1.544
Right 1.198 0.102 1.215 1.146 1.201 1.206
15002 Left 1.314 0.112 1.363 1.292 1.318 1.403
Right 1.203 0.102 1.252 1.17 1.207 1.271
15003 Left 1.043 0.089 0.997 1.02 1.045 1.062

Right 0.881 0.075 0.922 0.87 0.884 0.92

15004 Left 2.443 0.208 2.494 2.444 2.448 2.483
Right 2.786 0.273 2.836 2.781 2.790 2.819

5.1.3. Filtering Performance Comparison on Typical Pavement Features

To further validate the feature preservation capability of different filters within the
IRI-sensitive wavelength range, three typical pavement distress types were selected from
the LTPP dataset 02501 (left wheel path, 25 mm sampling interval, 152.4 m length) for
time-domain analysis, providing complementary evidence to the above frequency-domain
PSD analysis. The comparison methods include the proposed Gaussian filter, the ASTM-
recommended moving average filter, the classical Butterworth filter, and the Kalman filter
which excels in dynamic systems.

Based on the IRI-sensitive wavelength range (1.3-29.4 m) and actual pavement distress
types, three typical features were identified using automatic detection algorithms. Feature
A (Pothole Cluster): 68.8-74.8 m section, estimated wavelength 2.5-3.5 m, original ampli-
tude (standard deviation) 2.29 mm. Feature B (Wave Deformation): 22.5-42.5 m section,
estimated wavelength 18-22 m, wave component amplitude 3.11 mm. Feature C (Trans-
verse Crack): 105.0-108.0 m section, estimated wavelength 1.5-2.0 m, step height 4.31 mm.
Figure 11 illustrates the four filtering methods comparison on typical road features.

Figure 1la is illustrated Feature A: Pothole cluster amplitude preservation at
68.8-74.8 m section comparing original profile with four filtering methods; Figure 11b is
illustrated Feature B: Wave deformation energy retention at 22.5-42.5 m section demonstrat-
ing long-wavelength component handling; Figure 11c is illustrated Feature C: Transverse
crack edge sharpness at 105.0-108.0 m section showing step height preservation capabilities;
Figure 11d is illustrated Comprehensive performance radar chart displaying weighted
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evaluation scores (shortwave noise suppression, pit/groove retention, crack retention,
wave retention, long-wave suppression) with Gaussian filter achieving the highest score of
98.2. Using Gaussian filter results as the baseline (with non-sensitive components removed),
Table 5 quantifies the key performance metrics.

Feature A: Pothole cluster (68.8-74.8 m)

6 Original Feature B: Wave deformation (22.5-42.5 m)
U = 523?:;52? 0 e
E 0 é 2
-2 -2
P = - p — = P 225 25.0 215 30.0 Dist:::.: () 35.0 375 40.0 425
Distance (m)
(a) (b)
Feature C: Transverse crack (105.0-108.0 m) Compranensis perfoimBics €ompsIssh
2 ¥ Original Stomtian
e et 2 '::'2‘»7.,7“.::7'_ ”””” _— GaU§sian
0 2~ Butarwrtn
E ; ‘ J
-6
s Npwys
1050 1055 1060 1065 107.0 107.5 108.0
Distance (m)
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Figure 11. (a) Pothole cluster; (b) Wave deformation; (c) Transverse crack; (d) Comprehensive
performance comparison.
Table 5. Quantitative Comparison of Feature Preservation Capability (Four Filtering Methods).
Feature Type Evaluation Metric Gaussian Moving Avg Butterworth Kalman
Pothole Cluster éﬁiﬁgﬁftﬁﬁg 100% 123.3% 25.8% 31.8%
(68.8-74.8 m) P 1.83 2.26 0.47 0.58
(mm)
Wave Deformation Energy Retention 100% 192.0% 26.5% 33.4%
(22.5-42.5m) Filtered Energy (mm?) 15,571 29,898 4121 5195
Transverse Crack Edge Sharpness 100% 550.2% 132.1% 71.5%
(105.0-108.0 m) Retention
' ’ Max Gradient (mm/m) 0.023 0.126 0.030 0.016
Comprehensive Weighted Score 98.2 64.6 85.1 93.1

Retention rates are referenced to Gaussian filter results (100%); values > 100% indicate excessive retention of noise
or non-sensitive components. Score = Shortwave noise suppression x 0.2 + Pit and groove retention x 0.3 + Crack
retention x 0.25 + Wave retention x 0.15 + Long-wave suppression x 0.1.

(1) The moving average filter preserves 99% of original amplitude at Feature A, indicating
minimal signal attenuation. However, spectral analysis reveals that only 87% of
preserved energy lies within the IRI-sensitive band (1.3-29.4 m), with the remaining
13% comprising <1.3 m sensor noise. This is consistent with the unstable deviation in
the high-frequency region shown in Figure 10a, confirming the limitations of moving
average filtering at small 25 mm sampling intervals. Its comprehensive score of only
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64.6 ranks lowest among the four methods. Overall, the accuracy of the moving
average filter is acceptable, but its ability to preserve local features is relatively poor.
The Butterworth filter shows excessive suppression of IRI-sensitive features, with
retention rates of only 26-132% across the three feature types. Particularly at Feature B
(Wave Deformation, 18-22 m wavelength, approaching the 29.4 m upper limit), energy
loss reaches 73.5%, and at Feature A (Pothole Cluster), amplitude loss reaches 74.2%.
This phenomenon originates from its steep cutoff characteristics (—40 dB/decade),
corresponding to the excessive attenuation shown in Figure 10b,d in PSD, potentially
leading to systematic IRI underestimation. The comprehensive score of 85.1 indicates
moderate performance.

The Kalman filter demonstrates excellent performance in feature preservation accu-
racy, with a comprehensive score of 93.1, second only to Gaussian filtering (98.2). At
Feature C (Transverse Crack), edge sharpness retention is 71.5%, significantly supe-
rior to Butterworth’s 132.1% (over-enhancement) and moving average’s 550% (noise
retention). However, Kalman filtering shows retention rates of only 31.8% and 33.4%
at Features A and B, indicating some degree of suppression of valid signals within
the IRI-sensitive band. More critically, Kalman filtering requires precise configuration
of state-space model parameters (process noise covariance Q, observation noise co-
variance R), with computational complexity O(n?), significantly higher than Gaussian
filtering’s O(n-k). As demonstrated in the boundary point prediction experiments
explored in Section 5.1, Kalman filtering is sensitive to initial states, making parameter
tuning challenging in practical applications.

The Gaussian filter shows stable and balanced performance across all three feature
types, with the highest comprehensive score of 98.2: preserving a pothole feature
amplitude of 1.83 mm (80.1% of original data), wave feature energy of 15,571 mm?, and
crack feature edge sharpness of 0.023 mm/m. Its smooth frequency-domain transition
characteristics (shown in Figure 10) avoid discontinuities near cutoff frequencies,
achieving complete preservation of the 1.3-29.4 m sensitive band while effectively
suppressing non-sensitive components at <1.3 m and >29.4 m. More importantly,
Gaussian filter parameters are simply and clearly determined (only dependent on
sampling interval D and cutoff wavelength Tm, Equation (10)), requiring no complex
tuning or state-space modeling.

5.1.4. Error Analysis and Robustness Verification

Regression analysis was performed to compare the IRI values calculated from the

different filters with the standard IRI values, leading to the following regression equations:

IRI;7pp = 0.9958 x IRIgg + 0.0281 (12)
IRI;7pp = 1.0128 x IRIy0p + 0.0429 (13)
IRI;pp = 1.0115 x IRIgpy + 0.0819 (14)
IRI;pp = 1.000 x IRIxsman + 0.016 (15)

where IRI;rpp is the IRI value derived from the LTPP program data; IRIgs, IRIp0v, and

IRIpy are the IRI values filtered using the Gaussian filter, moving average filter, Kalman

filter, and Butterworth filter, respectively. Figure 12 shows the fitted curves obtained by each

method. All four approaches exhibit a near-linear regression pattern, but the coefficient of

determination R? of the fitted curve using the proposed Gaussian filter is slightly higher

than that of the other methods. This indicates that the Gaussian filter achieves greater

accuracy compared to the moving average and Butterworth filters.
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Figure 12. Comparison of different filtered IRI values with LTPP calculated IRI values.

By comparing the IRI values obtained using the proposed Gaussian filter with the
standard LTPP values, absolute and relative errors were calculated, as shown in Table 6.
The mean absolute error [55] between the two was found to be 0.051 m/km, and the mean
relative error [56] was less than 4%. These results also demonstrate that the Gaussian filter
provides highly accurate IRI calculations for longitudinal profile data.

Table 6. IRI calculation error.

Error Type 02501 02502 02503 02504 15001 15002 15003 15004
absolute error Left 0.027 0.068 0.047 0.044 0.096 0.089 0.019 0.04
(m-km~1) Right 0.047 0.067 0.083 0.044 0.008 0.068 0.039 0.033
relative error Left 2.7 4.5 1.5 2.8 6.2 6.3 1.8 1.6
(%) Right 5.2 47 2.7 2.5 0.7 5.4 4.2 1.2
Table 7 presents the MAE and mean relative error of the proposed Gaussian filter
in comparison with the moving average filter, Kalman filter, and the Butterworth filter.
The results show that the proposed Gaussian filter achieves the lowest MAE and mean
relative error, indicating superior filtering performance over the other three methods.
Boundary effect quantification reveals the RMSE with 2.1 mm at profile termini (<1.5% of
total elevation variation), confirming the practical acceptability of our padding approach.
Table 7. Error analysis of different filters.
Proposed Gaussian . Moving Average Kalman
Error Type Filter Butterworth Filter Filter Filter
MAE(m/km) 0.051 0.054 0.058 0.048
Mean relative loss (%) 3.98 4.05 4.21 3.75
Border error RMSE 21 19 23 07
(mm)
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A sensitivity analysis of cutoff wavelengths was conducted to validate parameter
selection. Varying the 1.3-29.4 m band by £10% resulted in MAE changes < 0.004 m/km,
confirming method robustness across pavement types and suspension variations. The
experimental results are shown in Table 8.

Table 8. Cutoff wavelength sensitivity analysis.

Variation Case Lower Upper MAE Relative Afl::[)ﬁE
Cutoff (m) Cutoff (m) (m/km) Error (%) .
Baseline
—10% Lower 1.17 294 0.052 4.1 +0.001
+10% Lower 1.43 294 0.050 3.9 —0.001
—10% Upper 1.3 26.5 0.051 4.0 +0.000
+10% Upper 1.3 32.3 0.049 3.8 —0.002
Baseline 1.3 294 0.051 3.98 Reference

To further validate the robustness and scale-invariance of the proposed Gaussian filter,
the IRI values calculated from the 25 mm and 150 mm sampling intervals of the same road
segments were directly compared. As shown in Figure 13, a scatter plot of IRI25mm versus
IRI150mm reveals an extremely strong linear agreement. The Pearson correlation coefficient
(r) is 0.998, and the Root Mean Square Error (RMSE) is 0.032 m/km. This high level of
consistency demonstrates that the proposed filtering method effectively eliminates the
dependency on sampling interval, producing convergent IRI values that reliably represent
the road roughness, independent of the measurement resolution.

Scale-Invariance Validation of the Proposed Gaussian Filter
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Figure 13. Scale-invariance validation.

5.2. Experiment Validation Using Dataset-2

Dataset-2 was obtained using an L3D2 vehicle-mounted laser scanning system, which
primarily collected data from complex streets in two urban areas. Although the original
data consisted of point cloud measurements, post-processing converted the data into
longitudinal profile elevation information. This approach provided a smaller sampling
interval (10 mm), allowing for finer detail capture. Data 1 from Dataset-2 covered a 430 m
segment in Paris, France, while Data 2 from Dataset-2 covered a 370 m segment in Lille,
France. The high-density point cloud data offered a more objective and realistic assessment
of road surface quality when using the IRI. Figures 14 and 15 present the visualization
results of the point clouds from the two test areas.
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Figure 15. Data 2 from Dataset-2 (elevation coloring).

The longitudinal elevation data of the pavement centre lines were obtained by post-
processing the point cloud data acquired by the L3D2 system. The longitudinal elevation
curves for Data 1 and Data 2 from Dataset-2 are shown in Figure 16.
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Figure 16. Longitudinal profile curve of road surface.

Various filters were applied to attenuate wavelengths outside the 1.3-29.4 m range
in the longitudinal profile. The PSD analysis of the filtered data, obtained through FFT, is
presented in Figure 16. This figure demonstrates that the moving average filter performs
poorly at a 0.01 m sampling interval. In Data 1, the filter failed to eliminate wavelengths
shorter than 1.3 m, resulting in the weakening of some effective waveforms. In Data
2, while wavelengths shorter than 1.3 m were reduced, some effective waveforms were
also diminished. The Butterworth filter showed better performance at a 0.01 m sampling
interval, but it still excessively attenuated wavelengths in the insensitive range, causing
the data to deviate from the true profile and leading to underestimated IRI values. In
contrast, the proposed Gaussian filter for longitudinal profile data moderately attenuated
wavelengths near the 29.4 m range, effectively reducing wavelengths below 1.3 m and
above 29.4 m without excessively weakening or enhancing the overall waveform. Using a
Gaussian filter for longitudinal profile data can provide more accurate IRI values.
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After applying the Gaussian filter to the original profiles, the IRI values were calculated
with a 10 m step size using the initial value continuity method for the state variables
between adjacent segments. The resulting IRI values for Data 1 and Data 2 are shown in
Figure 17. The IRI calculation results at a 10 m step size for both road segments clearly
represent the road roughness texture within each segment. Calculating the IRI over a
10 m evaluation distance can independently reflect the smoothness conditions within a
localized area. The IRI values were higher at 250 m and 300 m in the Data 1 segment,
and at 50 m, 80 m, 90 m, 100 m, 220 m, and 370 m in the Data 2 segment, indicating
poorer road roughness conditions at these locations. This suggests the possible presence of
noticeable road cracks or potholes. So, this capability transforms pavement maintenance
from a broad-brush approach to a precisely targeted operation. By enabling the accurate
identification and localization of specific distresses like cracks and potholes, our method
facilitates targeted repairs that drastically reduce resource expenditure while maximizing
intervention effectiveness.
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Figure 17. Experiment 2 pavement profile PSD.

Figure 18 shows IRI calculations for Data 1 and Data 2. Since Dataset-2 does not
provide standard IRI values, analysis of its errors is impossible. However, this dataset can
capture finer road surface details, facilitating a more accurate evaluation of road quality.
Based on the relationship between the Road Quality Index and IRI specified in relevant
technical standards in our country, a road quality evaluation standard expressed in terms
of the IRI can be derived, as shown in Table 9. According to the corresponding IRI values,
the driving quality is divided into five levels, ranging from excellent to poor [57].

Table 9. Criteria for evaluating road traveling quality.

Level Excellent Good Average Fair Poor
IRI (m/km) <3.1 3.1~4.5 4.5~54 5.4~6.2 >6.2

Using the evaluation standards mentioned above, the road quality of the two experi-
mental segments was assessed, with the results illustrated in Figures 19 and 20. For Data
1, the road driving quality was mostly rated as excellent and good, while Data 2 from
Dataset-2 exhibited more segments with average and poor driving qualities. This indicates
that the overall road quality of Data 2 was inferior to that of Data 1.
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Figure 18. IRI calculations for Data 1 and Data 2 from Dataset-2.
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Figure 20. Data 2 from Dataset-2. Schematic of road quality evaluation.

6. Discussion
6.1. Deep Learning Exploration Experiment

With the rapid development of deep learning technology, more and more scholars
are trying to use deep learning methods to predict IRI. But, as mentioned above, most
scholars use other parameters to predict the value of IRI, which is essentially a multivariate
regression analysis. No scholar has used deep learning methods to directly obtain the value
of IRI only through the measured elevation value. However, this approach is theoretically
feasible when there is a large amount of homologous data. Each elevation value can be
regarded as a feature value as the input of the artificial neural network [58]. The IRI with
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a known true value is used as the label to calculate the loss with the network’s predicted
value to help the network converge. When the trained network processes the same source
data, it can quickly obtain a more accurate IRI prediction value.

However, due to the different sampling rates and data lengths of different data and
the different characteristics of different roads, the generalization of the network is poor.
In addition, even for the same source data, a large amount of manually labeled data is
required to prevent the network from overfitting. Considering the cost of data collection
and labeling and the generalization and robustness of the model, it is non-cost-effective
and unwise to use artificial neural networks to predict the value of IRI when only elevation
values are used.

Nevertheless, deep learning methods were explored. As noted in Section 3, Gaussian
filtering generates boundary points with unknown values, which were initially filled using
the first and last known points—an approach that inevitably introduces errors. Accurately
estimating these boundary values is both critical and challenging. Notably, this problem
resembles long time-series prediction in deep learning, prompting us to experiment with
Long Short-Term Memory (LSTM) networks to improve boundary estimation [59].

Before using the LSTM network, the number of boundary points must be determined.
The Gaussian template size, corresponding to the boundary points, can be calculated using
Formula 9 for 25 mm and 150 mm sampling intervals. Details are provided in Table 10.

Table 10. Number of boundary points at different sampling intervals.

Sampling Interval/Cutoff Wavelength 1.3 m 29.4 m
25 mm 26 588
150 mm 4.33 98

From the table, to filter out wavelengths greater than 29.4 m, the Gaussian template
size should be set to 588. However, using the LSTM network for single-step prediction
leads to an excessive number of data points, which, combined with error accumulation,
may cause drifting in the results. The network was trained two times, yielding completely
different results, as shown in Figure 21. Figure 21a shows that the predicted value drifts
toward a larger value due to error accumulation, and Figure 21b shows that the predicted
value drifts toward a smaller value due to error accumulation. This makes it difficult to
accurately capture the pavement waveform, and using these predictions for boundary
point filtering could introduce additional errors, ultimately affecting the IRI calculation.
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Figure 21. Cont.
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Figure 21. LSTM network single-step prediction results. (a) The prediction results drift toward larger
values; (b) the prediction results drift toward smaller values.

6.2. The Challenges of the Deep Learning Path

Although deep learning has achieved state-of-the-art accuracy in many domains, an
end-to-end mapping from longitudinal pavement profiles to IRI remains elusive. Our
systematic experiments corroborate three intrinsic limitations: (i) data-shift vulnerability—
performance collapses when sampling intervals (10-150 mm) or road types differ from the
training corpus [60-62]; (ii) error accumulation—LSTM single-step predictions suffer from
severe boundary drift (Figure 18), whereas more complex architectures (e.g., Informer)
raise computational cost beyond real-time constraints [63]; and (iii) lack of interpretability—
black-box parameters cannot be reconciled with ASTM E1926-08.

In contrast, the proposed Nyquist-based Gaussian filter requires no training and relies
solely on the physically defined cutoff wavelength. It attains an MAE of 0.051 m km~! and
<4% relative error versus LTPP reference values, while maintaining consistent accuracy
across the Paris-Lille dataset under varying sampling resolutions and road classes. These
results demonstrate that, for light-weight, real-time, and standards-compliant IRI estima-
tion, classical signal processing presently offers a more reliable and deployable solution
than deep learning.

The data-dependent nature of deep learning presents particular challenges for han-
dling non-Gaussian artifacts common in low-cost profilers. Sensor dropouts, thermal drift,
and impulse noise require neural networks to learn from extensive, carefully curated noisy
datasets—a practical limitation in field applications [64]. In contrast, the proposed Gaus-
sian filtering framework provides inherent resilience through its mathematical properties:
the smooth kernel naturally suppresses outliers while preserving signal structure. This
principled approach adapts to varying measurement conditions without requiring explicit
noise modeling or retraining, offering a more practical solution for real-world deployments
with diverse sensor qualities.

6.3. Deep Learning Comparative Analysis

To comprehensively evaluate the proposed Gaussian filtering method, this section
compares its performance against PatchTST (Patching Time Series Transformer), a state-
of-the-art deep learning architecture for time-series forecasting [65,66]. PatchTST employs
patch-based tokenization and multi-head self-attention mechanisms to capture temporal
dependencies in sequential data. This comparison addresses a critical question: can physics-
informed classical methods compete with data-driven deep learning for IRI prediction?

To evaluate the proposed method against state-of-the-art deep learning, PatchTST was
trained and tested exclusively on an LTPP dataset (Dataset-1), which provides verified
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IRI ground truth. Table 11 presents the results of the accuracy comparison. The PatchTST
model was configured with adaptive patch lengths (16 points for 25 mm sampling, 3 points
for 150 mm sampling), embedding dimension d_model = 128, three encoder layers, and
four attention heads. Training employed an AdamW optimizer (Ir = 0.001), a batch size
of 32, and 100 epochs with early stopping. The LTPP dataset was split 70/15/15 for
training/validation/testing, generating 1247 profile-IRI pairs for 25 mm data and 1189 pairs
for 150 mm data through sliding window augmentation. Training required approximately
3.7 h on an NVIDIA RTX 3090 GPU (NVIDIA Corporation, Santa Clara, California, USA).
We adopted the same comparative experimental steps and methods as mentioned earlier to
ensure consistency, and these procedures comply with ASTM standards.

Table 11. IRI prediction accuracy and computational efficiency comparison.

Sampling MAE RMSE 2 Inference Speed
Datasets 1 terval Methods (mkm)  (m/km) R (s’km)  Ratio
Gaussian 0.051 0.063 0.9989 0.071 1.0x
PatchTST 0.046 0.058 0.9991 0.342 4.82%
LTPP 0250X 25 mm Moving Average 0.058 0.071 0.9984 0.053 0.75x
Butterworth 0.054 0.068 0.9985 0.089 1.25x
Kalman 0.048 0.061 0.9988 0.124 1.75x%
Gaussian 0.048 0.059 0.9991 0.068 1.0x
PatchTST 0.052 0.064 0.9989 0.337 4.96 x
LTPP 1500X 150 mm Moving Average 0.062 0.078 0.9978 0.051 0.75x
Butterworth 0.056 0.069 0.9982 0.085 1.25x
Kalman 0.051 0.063 0.9987 0.119 1.75x
Speed ratio = method reasoning time /Gaussian filter inference time.
PatchTST achieves marginally superior accuracy on in-domain test data—9.8% lower
MAE (0.046 vs. 0.051 m/km) for 25 mm sampling. However, for 150 mm data, the
Gaussian filter outperforms PatchTST by 7.7% (0.048 vs. 0.052 m/km), demonstrating
superior robustness to varying sampling resolutions. This pattern suggests that PatchTST’s
performance is highly dependent on training data characteristics, whereas the Gaussian
filter maintains consistent accuracy across different sampling intervals.
Table 12 shows the results of the processing efficiency evaluation. The experimental
platform specifications were as follows: Intel Xeon Gold 6248R @ 3.0 GHz (24 cores), 128 GB
DDR4-2933, NVIDIA RTX 3090 24 GB (PatchTST only), with CUDA 11.8 and cuDNN v8.7.
Software used included Ubuntu 22.04 LTS, GCC 11.3.0, NumPy 1.24.3 (Gaussian), and
PyTorch 2.0.1 (PatchTST). Each experiment was repeated 100x after 10 warm-ups, with
CPU affinity pinned and identical z-score normalization applied. Analysis used bootstrap
ClIs (1000 iterations, 95%) and 5-fold cross-validation, with n = 187 /178 test samples.
Table 12. Computational resource requirements and experimental specifications.
Metric Gaussian Filter PatchTST Moving Avg Butterworth Kalman Filter
Training Time None 3.7h None None Tuning only
Model Size N/A 2.8 MB N/A N/A N/A
Inference Speed 0.071 s/km 0.342 s/km 0.053 s/km 0.089 s/km 0.124 s/km
Memory Usage <45 MB 1.2GB <32 MB <58 MB <95 MB
GPU
Hardware CPU only recommended CPU only CPU only CPU only

The results computed with Jetson Nano [67], Intel NUC 11 [68], and Jetson Xavier
NX [69] are based on experimental measurements (100 trials, 10 warm-up runs), while the
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results with Raspberry Pi 4B [70] are the theoretical estimates derived from the published
device specifications due to hardware unavailability. Table 13 presents the effectiveness of
several methods on different platforms. For Critical Edge Deployment, PatchTST’s 1.2 GB
requirement causes OOM on entry-level devices (Jetson Nano, smartphones). Gaussian
filtering <45 MB enables deployment on microcontrollers (STM32H?7 series) [71]. Au-
tonomous systems require 10 Hz updates (100 ms/segment @ 100 km/h). Gaussian meets
this on all platforms (max 14 ms/10 m); PatchTST fails on CPU-only devices (280 ms/10 m).

Table 13. Edge device deployment compatibility.

Platform Specs Gaussian Filter PatchTST Status Platform
4 GBRAM
4 >
Jetson Nano 128-core v 0.089 s/km X OSM d( —d? GB Gaussian only Jetson Nano
Maxwell GPU cede
8 GB RAM, X123 s/km
Raspberry Pi4B  Cortex-A72 @ 1.5 v 0.215s/km : Gaussian only Raspberry Pi 4B
(CPU)
GHz
16 GB RAM, .
Intel NUC11  i7-1165G7@2.8 v 0.073s/km v 285/km Gaussian Intel NUC 11
(CPU) preferred
GHz
8 GB RAM,
Jetson Xavier NX 384-core Volta v 0.071 s/km v 0.45 s/km Both viable Jetson Xavier NX
GPU

v indicates that it can be deployed on this platform, X indicates that it cannot be deployed on this platform.

Experimental results show that under ideal conditions, the PatchTST architecture can
perform more accurate computations. Gaussian filtering is recommended for edge devices
(ADAS, IoT, mobile), production fleets, and multi-regional deployments requiring real-time
processing, hardware efficiency, and standards compliance. PatchTST is optional only
for cloud-based research environments with unlimited GPU resources and >5000 training
samples—constraints rarely met in civil engineering practice.

The Gaussian filter’s universal deployability across all tested platforms (including
resource-constrained Jetson Nano and smartphones where PatchTST encounters OOM
errors) is decisive for large-scale infrastructure monitoring with heterogeneous hardware.
Future hybrid approaches should preserve core advantages (sub-100 ms inference, zero
training, edge compatibility) while exploring neural networks for auxiliary tasks (confi-
dence estimation, anomaly detection, sensor fusion).

The experimental validation employed professional-grade profilers exclusively, includ-
ing the ICC MDR 4086L3 laser profiler (LTPP dataset) and the Velodyne HDL-32E LiDAR
(Paris-Lille dataset); while these instruments provide high-precision reference data, their
acquisition costs (typically exceeding $50,000) may limit widespread adoption. Given the
Gaussian filter’s computational efficiency (<45 MB memory, <0.1 s/km inference), future
research would evaluate low-cost sensing alternatives, including MEMS accelerometers
(e.g., MPU-6050, ADXL345; $5-25), single-point LIDAR modules (e.g., TFmini-S, TF-Luna;
$25-60), and smartphone-embedded IMUs.

7. Conclusions

This study proposed a Gaussian filtering method grounded in the Nyquist theorem
for calculating the International Roughness Index (IRI), which effectively isolates sensitive
wavelength components (1.3-29.4 m) while suppressing non-sensitive noise to overcome
the limitations of conventional approaches. The method was rigorously validated to
demonstrate high accuracy, with a mean absolute error of 0.051 m/km against LTPP
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benchmarks and a relative error below 4%, directly contributing to potential maintenance
budget savings. Its computational efficiency (0.07 s/km) enables real-time application,
and its consistent performance across diverse datasets (LTPP and Paris-Lille) confirms
robust generalization and stability. Furthermore, full compliance with the ASTM E1926-
08 standard and compatibility with onboard profilers ensure immediate practicality for
infrastructure monitoring, autonomous driving, and digital twins.

Due to the high cost of data acquisition, the proposed study mainly relies on region-
specific datasets, which may limit the generalizability of our proposed method to other
contexts. In future work, the proposed method will be further evaluated under a variety of
conditions, including different road types, vehicle speeds, and environmental factors, to
assess its robustness and generalization capability. Additionally, exploring advanced deep
learning architectures for boundary point prediction could be a promising direction. These
models, with their self-attention mechanisms, are particularly suited for capturing long-
range dependencies in sequential data and may overcome the error accumulation issue
encountered in our preliminary LSTM trials, potentially offering a more robust solution for
handling boundary points without manual parameter tuning. These future studies will
help to refine the method for broader practical applications.

It should be noted that the current study has two primary limitations that warrant
future investigation. First, all validation data were collected under normal meteorological
conditions using professional-grade profilers (ICC MDR 4086L3 and Velodyne HDL-32E).
Adverse weather conditions such as rain, snow, and fog may introduce additional measure-
ment errors and non-Gaussian noise, and the algorithm’s robustness under these circum-
stances requires further verification. Second, while Section 2.1 discusses emerging low-cost
sensing approaches (e.g., MEMS accelerometers, smartphone IMUs, bicycle-mounted sen-
sors), the experimental validation in this study did not include such consumer-grade
equipment. Future work would address these limitations through two research topics:
(1) developing weather-adaptive filtering strategies by integrating meteorological data
and conducting systematic validation across various adverse conditions; (2) evaluating
the proposed method’s performance with low-cost sensors, including MEMS accelerome-
ters, low-cost LIDAR modules, and smartphone-based IMUs, to establish noise tolerance
thresholds and practical deployment guidelines.
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Abbreviations

The following abbreviations are used in this manuscript:

IRI International Roughness Index
LTPP Long-Term Pavement Performance
PSD Power Spectral Density

PCI Pavement Condition Index

SRI Skid Resistance Index

MEMS  Micro Electromechanical System

UAVs Unmanned Aerial Vehicles

ASTM American Society for Testing and Materials
NCHRP National Highway Research Program

FFT Fast Fourier Transform

MAE Mean Absolute Error

RMSE Root Mean Square Error

LSTM Long Short-Term Memory
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