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Abstract: Pavement texture and skid resistance are pivotal surface features of roadway to traffic
safety, especially under wet weather. Engineering interventions should be scheduled periodically
to restore these features as they deteriorate over time under traffic polishing. While many studies
have investigated the effects of traffic polishing on pavement texture and skid resistance through
laboratory experiments, the absence of real-world traffic and environmental factors in these studies
may limit the generalization of their findings. This study addresses this research gap by conducting
a comprehensive field study of pavement texture and skid resistance under traffic polishing in the
real world. A total of thirty pairs of pavement texture and friction data were systematically collected
from three distinct locations with different levels of traffic polishing (middle, right wheel path, and
edge) along an asphalt pavement in Oklahoma, USA. Data acquisition utilized a laser imaging device
to reconstruct 0.01 mm 3D images to characterize pavement texture and a Dynamic Friction Tester
to evaluate pavement friction at different speeds. Twenty 3D areal parameters were calculated on
whole images, macrotexture images, and microtexture images to investigate the effects of traffic
polishing on pavement texture from different perspectives. Then, texture parameters and testing
speeds were combined to develop friction prediction models via linear and nonlinear methodologies.
The results indicate that Random Forest models with identified inputs achieved excellent performance
for non-contact friction evaluation. Last, the friction decrease rate was discussed to estimate the
timing of future maintenance to restore skid resistance. This study provides more insights into how
engineers should plan maintenance to restore pavement texture and friction considering real-world
traffic polishing.

Keywords: traffic polishing; pavement texture; pavement friction; 3D images; 3D areal parameters;
machine learning

1. Introduction

Skid resistance is an essential pavement property that measures the grip between
pavement and tire, which is required for vehicle controllability. Possessing and maintaining
appropriate skid resistance in pavement are essential for traffic safety, especially in wet
weather, as this helps vehicles remain controllable [1–3]. Indeed, several empirical studies
have shown the relationship between skid resistance and traffic safety (in terms of crashes).
For example, in their field study in Texas, USA, McCullough and Hankins found that a large
proportion of crashes were associated with low pavement skid resistance [4]. Similarly,
Kuttesch found that the wet accident rate increases as road pavement skid resistance
decreases [5]. It is thus far imperative to accurately measure and monitor the evolution of
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pavement skid resistance under traffic over time to understand its variation and schedule
timely maintenance for restoration.

1.1. Pavement Texture and Traffic Polishing

According to [6], adhesion and hysteresis are two major components that contribute
to pavement skid resistance. These two factors are greatly influenced by pavement surface
texture, which is commonly classified into two categories, i.e., macro-, and microtextures. In
ASTM 867-06 [7], macrotexture is defined as the surface with the characteristic dimensions
of wavelength and amplitude from 0.5 mm up to those that no longer affect tire-pavement
interaction (50 mm), and microtexture is defined as the surface with the characteristic
dimensions of wavelength and amplitude less than 0.5 mm. These two types of textures
affect the friction force developed at the contact zone between tire and pavement (i.e., skid
resistance) in different ways. Previous studies have shown that pavement macrotexture
provides drainage channels when it rains and comprises the hysteretic component of
friction [8,9]. On the other hand, pavement microtexture was considered to provide actual
contact with the tire and comprise the adhesion part of friction [10]. How these two different
textures contacting vehicle tires seems to affect friction force at different vehicle traveling
speeds. Macrotexture was found to provide a large proportion of friction force when a
vehicle is driving above 56 mph (90 km/h) on wet pavements, while microtexture was
found to have more impact on friction during low speed [2].

However, pavement texture does not remain intact after use, and pavement is subject
to traffic-induced wear or traffic polishing [11–15]. To understand how bad the pavement
texture is polished over time, which degraded skid resistance as a result, researchers and
practitioners have looked at ways to profile both macro- and microtextures of pavement
surface. The most common measurements of pavement macrotextures are the mean texture
depth (MTD) and the mean profile depth (MPD). The MTD calculates the average depth
of macrotexture determined by the sand patch method [16], and the MPD calculates the
average of all mean segment depths of all the segments of the profile and is typically
measured by laser-scan-based methods [17].

Albeit commonly adopted, the relationship between MPD and friction under traffic
polishing is still undetermined. For example, Pomoni et al. [18] found negative correlation
between MPD and the Mean Summer Skid Coefficient (MSSC). This is contradictory to
what Kouchaki et al. [19] found in their study, where a positive correlation was found
between MPD and grip number (GN, another friction measurement index). Pomoni
et al. [18] provided possible explanations of other factors (e.g., textural components) that
may contribute to the phenomenon (i.e., the contradictory relationship between MPD and
skid resistance). The undetermined relationship between MPD and friction has advocated
further research on the topic and to explore other ways (e.g., indexes and devices) to
better understand some determinants of surface texture that reduce skid resistance after
traffic polishing.

On the other hand, pavement microtexture is considered the most affected texture
class under traffic polishing as it is the highest part that is in contact with vehicle tires [20].
For microtexture profiling, it is commonly measured using devices such as the British
Portable Tester (BPT) and the Dynamic Friction Tester (DFT) at lower speed [21]. Despite
the effort that has been carried out by previous studies, researchers have not come to a
consensus for the profiling methods.

Nowadays, with the advancement of technology and higher sensor resolution, it is
possible to capture both macro- and microtextures at the same time using a laser-based
scanner or optical sensors. Laser-based scanners and optical sensors also have the benefit of
profiling surface textures with spatial parameters (e.g., power spectrum density of a rough
surface), function parameters (e.g., areal material ratio) or hybrid parameters (e.g., root
mean square gradient and interfacial area ratio) (see [22] for definitions and full list). In
addition, using a single device to capture both macro- and microtextures allows a more time-
saving texture profiling for monitoring the evolution of pavement under traffic polishing
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as equipment set up time could be reduced. For example, Zou et al. [15] conducted a
field study and collected 3D areal parameters with a portable 3D laser scanner. Twenty
parameters were derived from the 3D image over a 3-year data collection period. This study
showed the feasibility of using 3D images to find what microtexture and macrotexture
parameters deteriorated after traffic polishing on asphalt pavements.

1.2. Pavement Friction and Traffic Polishing

As mentioned previously, pavement textures are worn under traffic polishing. For
asphalt pavements, after the overlying film is worn away, it is likely the deterioration of
pavement friction occurs subsequently with traffic continually passing by [18]. Pavement
friction is the resistance to motion between vehicle tires and pavement surfaces and this
resistance force is also called skid resistance. Monitoring skid resistance evolution over
time is necessary if it deteriorates to the level that vehicle tires do not have a good grip on
the surface pavement, as this can increase the risk of skidding-related hazards.

Skid resistance is commonly measured with BPT and DFT in lab or performed on
site for spot inspection and represented as the British Pendulum Number (BPN) and
dynamic friction coefficients, respectively. Another common measurement in the lab
environment of skid resistance is the Polished Stone Value (PSV), an indicator that reflects
the ability of coarse aggregate to maintain certain levels of friction against tire abrasion
which is typically collected through comparison of specimens with and without undergoing
repeated tire loads. A growing trend in recent years is to utilize the Wehner/Schulze device
for pavement aggregate or surface layers to facilitate the study of the correlation of skid
resistance between measurements taken in lab and in the field [23].

With the capability to profile surface texture and measure friction level, there have
been interests in developing skid resistance evolution modelling in hopes of providing
an accurate prediction of timing of surface pavement maintenance to retain appropriate
skid resistance level after traffic polishing. For example, Rezaei et al. [24] conducted lab
experiments with different design mixtures of aggregates. After different polishing cycles,
an international friction index predictive function was developed based on aggregate
characteristics and gradation. Li et al. [25] developed statistical models with survival
analysis which not only identified important factors to skid resistance (e.g., roadway
curvature) but also provided a tool that for pavement maintenance decision making. A
more recent work by Kane et al. [26] on modelling collected surface texture data from 3D
topographies to predict skid resistance after traffic polishing, a dynamic friction model was
incorporated and increased the overall model performance.

The models are a convenient way to predict maintenance needs; however, models
were typically built under certain data collection environment, and thus not always being
suitable to be generalized. Some researchers have also argued that in-lab tests may not fully
represent skid resistance evolution due to other influencing factors like weather, traffic
loading, and geometric features of a roadway [25], and thus continuous skid resistance
monitoring in the field is still a reliable way to evaluate skid resistance and are sometimes
suggested to reflect the real polishing status. Some commonly used devices for high-speed
friction measurement on the field are locked-wheel testers [27], continuous friction measure-
ment equipment (CFME, [28]), the GripTester system for a unitless friction measurement
Grip Number (GN, [29]), and the Side force Coefficient Routine Investigatory Machine
(SCRIM, [27]).

The phenomenon of skid resistance decrease after traffic polishing was found in multi-
ple previous studies as empirical evidence showing that traffic polishing decreases surface
pavement friction in addition to the change in pavement texture. Meegoda and Gao [30]
conducted correlation analysis between skid resistance (skid numbers) and macrotexture.
It was found that at different MPD values, correlation directions with skid resistance
level were different, and traffic polishing factor needs to be considered for older surface
pavements. Specifically, the polishing of macrotexture seems to incur an insufficiency of
pavement drainage, which increases the water in the tire/road contact area and results
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in the decrease of skid resistance [31]. On the other hand, some empirical studies have
shown microtexture to be a more important pavement characteristic that directly impacts
skid resistance [18,31], and it may have a positive relationship according to a correlation
analysis by Wang et al. [32].

Several traffic characteristics have been taken into account as well when investigat-
ing the relationship between traffic polishing and pavement friction. For example, Chu
et al. [12] collected BPNs at different pavement sections under both wheel path and non-
wheel path, and different vehicle operation modes (e.g., acceleration, deceleration, and
cruising). Their results showed significant effects of traffic polishing and vehicle operation
modes on pavement skid resistance. In addition, traffic composition is another factor
affecting the extent to which the surface is polished. For instance, Khasawneh et al. [33]
considered the count of heavy vehicles as an predictor in their regression model and found
it to be a significant factor in the model for predicting macrotexture level, which has an
indication of change in skid resistance. Plati and Pomoni [34] were interested in knowing
how traffic volumes affect pavement macrotexture and skid resistance over time in the field,
and they found that unlike lab study, trend of macrotexture and skid resistance were not
always similar under traffic polishing. A minimum cumulative traffic threshold is reached
before we can see an opposite trend (negative correlation) between skid resistance and
macrotexture. More importantly, heavy traffic volume seems to be a more important factor
than traffic volume overall in influencing macrotexture and skid resistance, which is in
accordance with what [33] found.

The findings that various traffic characteristics contribute to skid resistance deteri-
oration support the importance of conducting field investigations under real traffic and
climate conditions through long-term monitoring. In addition, the fact that [34] found an
unsimilar trend between macrotexture and skid resistance, and reminded it may not be
appropriate to develop a long-term prediction model for skid resistance based on early-life
pavement data urges more research to be performed. A holistic approach that considers
pavement texture and friction simultaneously after traffic polishing needs to be further
explored to minimize time-consuming resource-intensive field long-term monitoring.

1.3. Objectives

At present, there is an existing body of studies focused on laboratory evaluation of
simulated traffic polishing on pavement texture and friction. As alluded earlier, lab studies
may not capture the full picture of how real-world traffic impacts pavement texture and
friction over time given that there may be other factors in the actual driving environment
amplifying the change in texture and friction such as climate conditions. On the other hand,
when studies move to the field, some previous studies focused on the impact of traffic
polishing on either pavement texture or friction only. If pavement texture and friction are
collected in the field simultaneously, the data will be inherently suitable to explore the
relationship between texture and friction under the impact of real-world traffic polishing.

Additionally, the pavement friction decrease rate over time has typically been in-
vestigated through laboratory experiments or long-term field studies, both of which are
time-consuming and resource-intensive. Across the horizontal direction of a roadway,
distinct areas undergo varying degrees of traffic polishing over time: the roadway wheel
path experiences the highest level of traffic polishing, followed by the middle areas and
edges of the roadway. Therefore, friction numbers across roadway horizontal direction
could represent the trend of pavement friction deterioration under traffic polishing over
time: the roadway wheel path could have the lowest friction numbers due to the highest
level of traffic polishing, followed by higher friction numbers at roadway middle areas
and edges due to less traffic polishing. Accordingly, monitoring friction numbers along
roadway horizontal direction could lead to an efficient alternative to calculate the pavement
friction decrease rate without laboratory experiments or long-term field studies.

To address the research gap mentioned above, the current study aims to perform a
holistic investigation of the impact of traffic polishing on pavement texture and friction
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simultaneously in the field. More specifically, pavement 3D texture images and friction
data were collected via a laser imaging system and a DFT from an asphalt pavement after
seven years of service. The obtained 0.01 3D texture images were visually inspected to
understand how traffic polishing affects whole images, macrotexture images, and microtex-
ture images. Afterwards, computation of 20 distinct 3D areal parameters, spanning height,
spatial, hybrid, functional, and feature parameters, was conducted to explore the effects of
traffic polishing on pavement texture from diverse perspectives. Following this, texture
parameters and testing speeds were combined to develop friction prediction models via
linear and nonlinear methodologies for non-contact friction evaluation. Lastly, the friction
decrease rate was discussed via considering the assumed accumulated traffic polishing
and friction numbers along roadway horizontal directions to estimate the timing of future
maintenance for skid resistance restoration.

2. Field Data Collection

This section presents the details of field data collection via two devices on an asphalt
pavement. With traffic control, this study collected pavement texture and friction data on
two field sections from the Country Club Road in Stillwater, Oklahoma, USA, in 2022. The
roadway was constructed with asphalt concrete (AC) using an asphalt binder of PG 70–28
and an aggregate combination of 23% 3/4′′ Chips + 28% Mine Chat + 15% Man. Sand +
19% Scrns + 14% Sand + 1% B.H.Fines. Per Table 1, the laboratory testing result showed
that the aggregate and asphalt mixture used on that AC roadway had good performance to
meet the agency’s requirements. In addition, the gradation of the S4 mixture used on that
AC roadway satisfied the agency’s gradation requirements, as shown in Figure 1.
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Figure 1. Gradation Curves for Aggregate Combinations.

As shown in Figure 2, a total of 30 pairs of pavement texture and friction data were
systematically collected from two sections along three distinct locations with different levels
of traffic polishing: the middle, right wheel path, and edge of the outer travel lane. In each
section, measurements for texture and friction were taken at five locations, each spaced
30.5 m (100 feet) apart. Figure 3 displays images of devices utilized for field data collection
on the three locations: a 3D laser imaging device, LS-40, which reconstructs 3D images
with a resolution of 0.01 mm to characterize pavement texture; and a DFT, employed to
evaluate pavement friction at varying speeds (10–70 km/h).
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Table 1. Summary of laboratory testing results of AC.

Properties AC Requirement

Aggregate

Fractured Faces (%) 98/100 98/95 min.
Flat and Elongated Particles (%) 0 10 max.

Sand Equivalent (%) 86 45 min.
LA Abrasion (%) 30.2 40 max.
Micro-Deval (%) 22.6 25 max.

Durability Index (%) 46 40 min.
Insoluble Residue (%) 42.5 40 min.

Mixture
ITS (psi) 112.1 75 min.

Hamburg Rut Depth (mm) 2.73 12.5 max
TSR 0.82 0.80 min
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It is reasonable to assume that the right wheel path experienced the most traffic
polishing, followed by the middle and edge of the outer travel lane. Consequently, the
pavement texture and friction data gathered from distinct locations on the road, including
the middle, right wheel path, and edge, will enable us to discern how varying levels of traffic
polishing impact pavement surface characteristics. For instance, we anticipate that the
right wheel path, experiencing the highest level of traffic polishing, may exhibit smoother
surface textures and lower friction coefficients compared to those from the less-polished
middle and edge of the travel lane.
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3. Pavement Texture Evaluation

As shown in Figure 2, each measurement collected data from three locations that are
within the same travel lane. Because these locations are close to each other, it is reasonable to
assume that climate factors (e.g., temperature, wind, precipitation, sunshine, etc.) have had
the same impact on the pavement texture characteristics over the past few years. Therefore,
any changes in pavement texture at these locations are likely due to varying levels of traffic
polishing happened as vehicles passing by. For instance, most vehicles move along wheel
path under normal forward driving conditions, which leads to extensive polishing on
pavement texture within wheel path area. Accordingly, the 0.01 mm 3D pavement images
obtained from the middle, right wheel path, and edge of the outer travel lane during field
data collection provide ideal data source to investigate how pavement texture varies under
real traffic and environment impacts.

To characterize pavement texture variations under traffic polishing, the collected
0.01 mm 3D texture images from the middle, right wheel path, and edge of the outer travel
lane were virtually compared first. Then, these images were denoised and separated as
macro- and microtexture images to visually inspect if traffic polishing impact differently
on pavement macro- or microtextures. Afterwards, 3D areal parameters of denoised
whole images, macrotexture images, and microtexture images will be calculated and
compared to investigate how traffic polishing affects pavement texture characteristics at
different locations. Details of pavement texture characteristics under traffic polishing are
summarized and discussed as follows.

3.1. Texture Characteristics via Vision Observation

In this section, pavement texture characteristics under traffic polishing are evaluated
visually via comparing original images, denoised images, macrotexture images, and micro-
texture images from LS-40 at different locations. As shown in Figure 4, using measurement
#2 as an example, original 0.01 mm 3D pavement images from the middle, right wheel path,
and edge of the outer travel lane exhibits different texture characteristics after experiencing
seven years of traffic polishing:

(1) Many large aggregates are exposed in the top-down grayscale image from wheel path
due to extensive traffic polishing in the last seven years.

(2) The top-down grayscale image from the middle of the travel lane shows a mix of
large, medium, and small size aggregates after experiencing certain traffic polishing
over seven years of service.

(3) The top-down grayscale image from the edge of the travel lane exhibits only a few
aggregates due to minimal traffic polishing after seven years of service.

(4) The 3D view of these images demonstrates a similar trend of the number of exposed
aggregates from these locations. However, the original images should be processed to
remove the noise for further analysis.

To denoise the 0.01 mm 3D images, the cumulative distribution of the height values
of these images was analyzed. It was found that 98% of the height values was within
6.419 mm and the average height values was 5.149 mm. Therefore, any pixels with height
values larger than 6.419 mm will be treated as noise and replaced with a random height
value between 5.149 mm and 6.419 mm. Pixels with height values less than or equal to
6.419 mm will be retained to represent the original texture characteristics captured by the
LS-40. Figure 5 shows the denoised 3D pavement texture data from LS-40 in top-down
grayscale view and 3D view. Particularly, when comparing Figures 4 and 5, the denoised
images (top-down grayscale view or 3D view) from the edge of the travel lane better display
texture distribution. It indicates that the simple denoise method was effective in removing
noise while retaining original texture characteristics. The denoised images in Figure 5 more
clearly depict a higher presence of large aggregates exposed in the wheel path location,
followed by those in the middle and edge of the travel lane due to different levels of traffic
polishing over time.



Lubricants 2024, 12, 256 9 of 26
Lubricants 2024, 12, x FOR PEER REVIEW 10 of 27 
 

 

 M2-Middle M2-Wheel Path M2-Edge 

Top-down 
grayscale 

view  

   

3D view 

   
Figure 4. Original 3D pavement texture data from LS-40. 

  

Figure 4. Original 3D pavement texture data from LS-40.



Lubricants 2024, 12, 256 10 of 26Lubricants 2024, 12, x FOR PEER REVIEW 11 of 27 
 

 

 M2-Middle M2-Wheel Path M2-Edge 

Top-down 
grayscale 

view 

   

3D view 

   
Figure 5. Denoised 3D pavement texture data from LS-40. 

  

Figure 5. Denoised 3D pavement texture data from LS-40.



Lubricants 2024, 12, 256 11 of 26

Because the 3D images from LS-40 have a resolution of 0.01 mm, it provides an
opportunity to investigate how traffic polishing affects pavement texture at different scales,
e.g., macro- or microtextures. To accomplish this, the Butterworth filter was applied on the
denoised whole images to obtain (1) macrotextures with a wavelength between 0.5 mm
and 50 mm and (2) microtextures with a wavelength less than 0.5 mm. Figures 6 and 7
illustrate pavement macro- and microtexture images obtained from Butterworth filter.

In Figure 6, the macrotexture images in top-down grayscale view and 3D view dis-
tinctly reveal that many aggregates are exposed in the image of wheel path due to extensive
traffic polishing, followed by the image of middle of the travel lane and the image of edge
of the travel lane. In the 3D view images in Figure 7, spikes are evident in the microtexture
of the wheel path, with fewer spikes seen in the images of the middle and edge of the travel
lane. This is because the wheel path as more valleys and variations in texture height along
the valleys produce high-frequency information or low-wavelength textures, which are
filtered out as spikes in the microtexture images. However, these spikes have small height
values (less than 2 mm) while many other non-spike pixels of the microtexture images have
height values close to zero. In grayscale images, pixel values close to zero are displayed as
black, while pixel values close to 1 (or 255, depending on the bit depth) are displayed as
white. Therefore, the microtextures images in the top-down grayscale view in Figure 7 are
mostly black, with minor bright spots corresponding to the small spikes observed in the
3D view.

3.2. Texture Characteristics via 3D Areal Parameters

In this section, 3D areal parameters of denoised whole images, macrotexture images,
and microtexture images from the middle, right wheel path, and edge of the outer travel
lane were calculated and compared to investigate how traffic polishing affects pavement
texture characteristics from different perspectives. Specifically, 20 different 3D areal tex-
ture parameters were calculated on those 0.01 mm 3D images across the following five
categories [15]:

(1) Three height parameters: arithmetic mean height (Sa, unit: mm), root mean square
height (Sq, unit: mm), skewness (Ssk without unit), and kurtosis (Sku without unit),

(2) Three spatial parameters: autocorrelation length (Sal, unit: mm), texture aspect ratio
(Str without unit), and texture direction (Std, unit: rad),

(3) Two hybrid parameters: root mean square gradient (Sdq without unit) and developed
interfacial area ratio (Sdr, unit: %),

(4) Nine functional parameters: peak extreme height (Sxp, unit: mm), surface section
difference (Sdc, unit: mm), reduced peak height (Spk, unit: mm), core height (Sk, unit:
mm), reduced dale height (Svk, unit: mm), peak material volume (Vmp, unit: mm3),
core material volume (Vmc, unit: mm3), core void volume (Vvc, unit: mm3), and dales
void volume (Vvv, unit: mm3),

(5) Three feature parameters: peak density (Spd, unit: mm−2) and peak curvature (Spc,
unit: mm−1).

Due to length limitations, it is challenging to present all the results of the twenty
texture parameters of these whole images, macrotexture images, and microtexture images
herein. Accordingly, the Ssk, Spk, and Spd are discussed in detail, as they are selected as
critical texture parameters for friction prediction via Random Forest models, which will be
covered in Section 4.2. Specifically, the Ssk will be negative if pavement surface has valley
structure, the Spk represents the primary and most worn texture height, and a large Spd
indicates the surface has more points of contact with other object [15].
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Figure 8 shows the original distribution of Ssk, Spk, and Spd of whole images, macro-
texture images, and microtexture images from the middle, right wheel path, and edge of
the outer travel lane for all measurements. The Spk of whole images is the only parameter
that shows clear difference under traffic polishing: the wheel path shows the highest Spk,
followed by those from the middle and edge of the travel lane. It means that pavement
aggregates in the wheel path area are mostly exposed after extensive traffic polishing,
resulting in higher or more prominent peaks above the core roughness profile. In contrast,
the smaller Spk of whole images from the middle and edge of the travel lane suggest that
the aggregates in these areas are not fully exposed yet due to less traffic polishing. Observ-
ing the other texture parameters in Figure 8, it is challenging to distinguish how traffic
polishing affects pavement texture for the middle, right wheel path, and edge of the outer
travel lane, regardless of whether they were calculated from whole images, macrotexture
images, or microtexture images.

Then, Figure 9 shows the maximum, average, and minimum distribution of Ssk, Spk,
and Spd of whole images, macrotexture images, and microtexture images from the middle,
right wheel path, and edge of the outer travel lane for all measurements. A few conclusions
can be drawn to explain how different levels of traffic polishing affect these 3D areal
parameters:

(1) For Ssk, all of them are negative numbers for whole images, macrotexture images,
and microtexture images, which means the height distribution of pavement texture is
skewed below the mean plane, suggesting all these textures have more low points
or depressions compared to high points or peaks due to traffic polishing. For whole
images, the edge shows an average Ssk of −1.15 while the middle shows an average
Ssk of −1.48. It indicates that the edge texture has a less pronounced negative skew. In
other words, the edge surface has fewer valleys or is less asymmetric than the middle
texture due to less aggregates exposed under less traffic polishing. A similar trend
is observed in the Ssk of macrotexture images. For microtexture images, all Ssk are
negative but close to zero, indicating the microtexture still has more low points than
high points, but with less difference between the wheel path, middle, and edge of
the roadway.

(2) For all three image categories, the wheel path shows a higher average Spk, which
is followed by those from the middle and edge of roadway. Generally, a larger Spk
indicates that the surface has higher or more prominent peaks above the core rough-
ness profile [15]. It means that as traffic polishing accumulated on pavement surface,
the Spk of whole images, macrotexture images, or microtexture images increases,
signifying more aggregates are exposed on the surface as higher or prominent peaks
above the core roughness profile. However, the Spk of microtexture are less than
those of whole images or macrotexture images, and not showing significant difference
among the three locations, as shown in Figure 9.

(3) The whole images and microtexture images have larger Spd than macrotexture images.
The whole image exhibits a higher Spd due to the presence of all surface protrusions,
while microtexture images capture fine protrusions and filtering artifacts, resulting in
higher Spd than macrotexture images. Also, from whole images, a larger average Spk is
observed on wheel path, followed by middle and edge of the roadway. This suggests
that traffic polishing generates more peaks per unit texture area on roadway, even
though it wears down pavement texture and aggregates are exposed over time. For
macrotexture images, the average Spk for wheel path, middle, and edge of roadway is
close to each other with little variations and around 0.3 because the peaks or spikes in
macrotexture images (Figure 6) are not as many as shown in whole images (Figure 5)
or microtexture images (Figure 7).
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Accordingly, these 3D areal texture parameters are effective to characterize pavement
texture development due to traffic polishing over time. By leveraging these parameters, we
can develop accurate friction prediction models for non-contact pavement skid resistance
evaluation, which will be presented in chapter 4. This approach could minimize the need
for traditional friction testing devices that require testing tires or water [27,29], thereby
streamlining the pavement friction evaluation process and enhancing efficiency.

4. Pavement Friction Evaluation

This section presents the DFT numbers of these measurements from the middle, right
wheel path, and edge of the outer travel lane to characterize how field pavement friction
evolves under varying levels of real traffic polishing and environment impact over time.
Then, the previously calculated 3D areal texture parameters and the DFT testing speeds
(10–70 km/h) will be combined as training dataset to develop friction prediction models
via various methodologies (Random Forest, neural network, and stepwise multivariate
linear regression). The best friction prediction model will be selected from various models
with different inputs and training methodologies for future non-contact friction evaluation
via 3D texture parameters.

4.1. Friction Characteristics Under Traffic Polish

During DFT testing, when rotating speed achieves the target speed, the spinning
disk with three testing rubber sliders will drop off and gradually stop spinning due to
pavement skid resistance. Therefore, the DFT is able to measure and save pavement friction
numbers from testing speeds of 10–70 km/h. Figure 10 displays the maximum, average,
and minimum distribution of DFT numbers for testing speed of 10–70 km/h from the
middle, right wheel path, and edge of the outer travel lane. A few conclusions can be
drawn to explain how different levels of traffic polishing affect pavement friction:

(1) Under each testing speed, the edge of the outer travel lane shows the highest average
friction number, followed by those from the middle and right wheel path due to traffic
polishing. For example, at speed of 60 km/h, the average friction numbers are 0.48,
0.32, and 0.29, separately, for the edge, middle, and right wheel path of the outer travel
lane. It indicates that pavement areas under extensive traffic polishing (wheel path)
shows lower skid resistance than pavement areas experiencing less traffic polishing
(middle or edge).

(2) Furthermore, the collected DFT numbers exhibit slight increase as testing speeds
changed from 10–70 km/h, as shown in Figure 10. This phenomenon could be due to
the testing speed not being high enough to cause a decrease for this particular asphalt
mixture. Nevertheless, it still indicates that testing speed affects the collected friction
numbers via DFT even though the pavement texture is not changed. So, testing speed
should be considered as one input when developing pavement friction prediction
models via 3D areal texture parameters.

(3) All DFT measurements were completed in approximately 60 min under traffic control,
with an ambient temperature of 75 ◦F. Consequently, the temperature influence on
these DFT numbers will be ignored, as they were collected under consistent ambient
conditions. Thus, temperature will not be considered as an input when developing
pavement friction prediction models.

Therefore, the DFT measurements from the middle, right wheel path, and edge of the
outer travel lane captured pavement friction variations due to different levels of traffic
polishing over time. These DFT numbers will be utilized in the next section to develop
pavement friction prediction models via 3D areal texture parameters and DFT testing
speeds. Further, combining the variations in pavement friction numbers and the number of
traffic polishing, the friction decrease rate could be estimated (as presented in chapter 5)
for recommending future maintenance to restore pavement skid resistance and minimize
friction related crash risks.
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4.2. Friction Prediction Models

Many efforts have been implemented to develop friction prediction models to
(1) investigate the relationship between pavement texture and friction and (2) achieve
non-contact pavement friction evaluation without consuming tire or water. For instance,
Kováč et al. developed friction models to predict BPT numbers via 3D texture parameters
using multivariate linear regression model [35]. Koné applied machine learning models
to predict pavement friction coefficient from speed, MPD, water depth, and tire tread
depth [36]. Yang et al. proposed a conventional neural network (CNN) model to predict
pavement GN numbers via two-dimensional texture profiles obtained from various field
sites [37]. Lu et al. also presented a CNN model for friction prediction via texture features
and identified textures with wavelengths above 2.4 mm is key for wet BPT numbers [38].
However, these studies were not using texture parameters from the same asphalt mixture
but after different levels of traffic polishing for developing friction prediction models.

To investigate how texture parameters correlate to friction numbers under different
levels of traffic polishing, this section presents the development of friction prediction
models via three methodologies based on 3D areal texture parameters and DFT testing
speeds. As shown in Figure 2, a total of 30 pairs of LS-40 and DFT data were systematically
collected from the middle, right wheel path, and edge of the outer travel lane with different
levels of traffic polishing. Then, 20 different 3D areal texture parameters were calculated
for each of the 0.01 3D images to characterize texture properties from five perspectives,
including height parameters, spatial parameters, hybrid parameters, functional parameters,
and feature parameters. Further, a total of 210 DFT numbers from eight different speeds
ranging from 10 to 70 km/h, as illustrated in Figure 10, were considered when developing
friction prediction models. Finally, two sets of inputs were prepared as follows to investigate
whether texture parameters from whole images or macro-/microtexture images are more
important when developing accurate friction prediction models:

(1) Input 1: a matrix with a dimension of 21 (20 areal parameters from whole images and
one testing speed) by 210 (a total of 210 samples to match 210 DFT numbers across
seven different speeds);
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(2) Input 2: a matrix with a dimension of 41 (20 areal parameters from macrotexture
images, 20 areal parameters from microtexture images, and one testing speed) by 210
(a total of 210 samples to match 210 DFT numbers across seven different speeds).

For each input, 70% of the prepared data was used for model training and the remain-
ing 30% was kept for model testing. Furthermore, Random Forest (RF) [39], neural network
(NN) [40,41], and stepwise multivariate linear regression (SMLR) [42] were selected to
develop friction prediction models for the following reasons: (1) these methodologies were
successfully applied to develop friction prediction models in previous studies, (2) the num-
ber of dataset in this study was not enough to explore deep learning models, and (3) these
methods investigated if there is a linear (SMLR) or a nonlinear (RF and NN) relationship
between pavement texture parameters and friction numbers.

Particularly, for RF models, six different numbers of trees (50, 100, 150, 200, 250, and
300) were considered during model development to select the best model. Additionally,
each RF model used all predictor variables at each node to ensure that every tree utilized
all predictors. The importance of each input was estimated by permuting out-of-bag
observations among the trees to select the critical texture parameters for friction prediction
via RF models, as shown in Figure 11. Finally, variables with importance larger than 0.5
were selected to develop the RF models. For instance, as shown in Figure 11a, Sa, Ssk,
Std, Spk, Sk, Spd, and Spc from whole images and speeds are selected as critical texture
parameters for friction prediction when using Input 1.
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Figure 11. Importance estimation for selecting critical parameters for friction prediction via RF
models. (a) Sa, Ssk, Std, Spk, Sk, Spd, and Spc from whole images and speeds are selected as critical
parameters for friction prediction. (b) Ssk-mac, Sku-mac, Std-mac from macrotexture images, Ssk-mic from
microtexture images, and speeds are selected as critical parameters for friction prediction.
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For NN model, it had a network with two hidden layers, each consisting of 20 units.
Also, it used the Scaled Conjugate Gradient algorithm as the training algorithm to explore
the nonlinear relationship between input (pavement texture parameters and testing speed)
and output (friction numbers). All the parameters were involved in NN training while 90%
and 10% of the training data were used for model training and validation.

For SMLR, it created a linear model for the friction numbers using stepwise regression
to add or remove predictors (pavement texture parameters and testing speed). The 0.05
was selected as the threshold for the criterion to add or remove a variable to the model.
In other words, a variable will be selected if its corresponding p-values is less than 0.05,
and vice versa. Consequently, the final SMLR model contains only the selected parameters
deemed important for friction prediction.

Further, during model training, 10-fold cross-validation was applied to generalize the
model’s performance. The training data were randomly divided into 10 equal subsamples,
with nine used for training and one for validation. This process was repeated 10 times,
each time using a different subsample for validation. The model’s general performance
was estimated by averaging the R-squared values from all 10 iterations, a commonly used
metric for assessing a model’s goodness of fit.

Therefore, the R-squared values of the best friction prediction models via Input 1 and
Input 2 are listed in Table 2. Specifically, Ssk, Spk, Spd, and speeds are the selected parameters
in SMLR when using whole images, while Sku-mac, Str-mac, Std-mac, Rmin-mac, Str-mac, Sdq-mac,
Sk-mac, Sxp-mac, Vmc-mac, Spd-mac, and Spc-mac from macrotexture images, Rmax-mic and Spc-mic
from microtexture images, and speeds are the most selected parameters in SMLR when
using macro-/microtexture images. Also, Sa, Ssk, Std, Spk, Sk, Spd, and Spc from whole
images and speeds are the selected parameters in RF with 100 trees when using whole
images, while Ssk-mac, Sku-mac, Std-mac from macrotexture images, Ssk-mic from microtexture
images, and speeds are the selected parameters in RF with 250 trees when using macro-
/microtexture images. Further, Figure 12 shows the testing examples of the SMLR, NN,
and RF models from 10 cross-validations using the prepared testing data from Input 1 and
Input 2.

Table 2. Summary of R-squared values of the best friction prediction models.

Images for Calculating
Texture Parameters

Friction Prediction Models

SMLR NN RF

Whole Images 81.13% 89.52% 94.23%
Macro- and Microimages 94.04% 94.29% 94.63%

Table 2 and Figure 12 offer insights into characterizing the relationship between
pavement texture parameters and friction numbers as follows:

(a) A nonlinear relationship exists between pavement texture parameters and friction
numbers. This is evidenced by the lower R-squared values of the SMLR model
compared to those of the NN or RF models, regardless of whether whole images or
macro-/microtexture images were used to calculate 3D areal texture parameters.

(b) Reduced peak height (Spk) emerges as the critical texture parameter in developing
friction prediction models, as evidenced by both the SMLR and RF always selecting
Spk as the critical input.

(c) Friction models using 3D texture parameters from macro-/microtexture images out-
performed those using texture parameters from whole images. For instance, the
NN model reached an R-squared value of 89.52% with whole image parameters, but
94.29% when using 3D macro-/microtexture parameters. It indicates that separating
whole images into macro-/microlevels for parameter calculation benefits the accuracy
of friction prediction models.

(d) Testing speed should be considered when developing friction prediction models.
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Finally, the best RF model via 3D texture parameters from macro-microtexture images
achieved an R-squared value of 94.63% when comparing the predicted friction numbers
against the true friction numbers on the testing data. It indicates that the proposed RF model
can perform non-contact friction evaluation with excellent accuracy based on the selected
inputs (Ssk-mac, Sku-mac, Std-mac from macrotexture images, Ssk-mic from microtexture images,
and speeds). Accordingly, the high-resolution 3D images from LS-40 provide an ideal
alternative to (1) investigate the impact of traffic polishing on pavement texture and
friction, and (2) conduct non-contact friction evaluation using the proposed model, thereby
potentially minimizing the need for traditional friction testing devices that require testing
tires or water.

5. Discussion of the Friction Decrease Rate

This section discusses the friction decrease rate by examining the assumed cumulative
traffic polishing and friction numbers across roadway horizontal directions, aiming to
estimate the timing for future maintenance to restore skid resistance. The speed limit of the
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roadway was 45 mph, while the average daily traffic (ADT) for the two sections was 3031
and 3107, individually, as calculated per Table 3, with 80% traffic being two axles’ cars. To
estimate the accumulated traffic along the edge, wheel path, and middle of the two testing
sections, three engineering assumptions were developed as follows:

(1) The traffic growth rate on this roadway is 2%.
(2) 50% of the vehicles travel along the right travel lane, as shown in Figure 2.
(3) There are 1%, 80%, and 19% traffic polishing happening along the edge, wheel path,

and middle of the roadway for these two testing sites. It means (a) minimal vehicles
(1%) move to roadway edge due to wandering or uncommon maneuvers, (b) most
vehicles (80%) move along roadway wheel path under normal forward driving, and
(c) certain vehicles (19%) move and polish roadway middle area due to vehicle
wandering, lane change, or other maneuvers.

Table 3. Summary of average daily traffic (ADT) on testing sites.

Day
Daily Volume (Veh/Day)

Daily Factors
Weighted Volume

Section 1 Section 2 Section 1 Section 2

Day 1 2975 3050 0.11 327 336
Day 2 3215 3246 0.12 386 390
Day 3 3121 3186 0.13 406 414
Day 4 3197 3362 0.15 480 504
Day 5 2742 2775 0.16 439 444
Day 6 2786 2859 0.16 446 457
Day 7 3222 3305 0.17 548 562

ADT (sum) 3031 3107

Accordingly, from 2015 to 2022, the accumulated traffic is estimated as 4.13 million on
Section 1 and 4.23 million on Section 2. Then, per assumption (3), the accumulated traffic
along the edge, wheel path, and middle of the two testing sections are estimated and listed
in Table 4. Figure 13 shows the logarithmic relationship between pavement friction numbers
and accumulated traffic along roadway edge, wheel path, and middle areas, achieving
an R-squared value of 0.95. Figure 13 presents a slower friction decrease rate as traffic
accumulated on the pavement. Furthermore, it means that friction numbers along roadway
horizontal direction (edge, middle, wheel path, etc.) could represent different stages of
the evolvement of pavement skid resistance under various levels of traffic polishing and
environmental impact in the field.

Friction Numbers = −0.042ln(Accumulated Tra f f ic) + 0.8733 (1)

Table 4. Summary of average friction numbers and accumulated traffic at different locations from the
two testing sections.

Items
Testing Section 1 Testing Section 2

Middle Wheel Path Edge Middle Wheel Path Edge

Average Friction Numbers 0.28 0.26 0.45 0.29 0.26 0.45
Accumulated Traffic (million) 0.79 3.34 0.42 0.81 3.40 0.42

For example, the roadway edge experienced 1% of accumulated traffic polishing
over seven years, which could represent the early stage of asphalt pavement with binder
removed and oxidized but limited aggregates exposed after 0.42 million of traffic in seven
years. The middle of roadway experienced approximately 0.80 million of traffic in seven
years, so that pavement showed average friction numbers of approximately 0.28, which
is less than 0.45 from the roadway edge but larger than 0.26 from the right wheel path
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because the aggregates underwent more polishing than the edge but less polishing than
the right wheel path.
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Figure 13. Relationship between pavement friction numbers and accumulated traffic.

Furthermore, as traffic accumulated, the decrease rate of pavement friction slowed
down, as observed from other studies via long term observations [8,28,43]. Therefore,
comparing the data in Figure 13 for middle and wheel path, as the right wheel path went
through more than 3 million of traffic polishing over seven years, its friction numbers was
still 0.26. It means friction numbers of this roadway decreased only 0.02 on average after
experiencing 2.5 million more traffic polishing when comparing the friction numbers and
accumulated traffic at the middle and right wheel path of this roadway. This phenomenon
aligns well with other studies that did laboratory investigations of pavement friction under
different levels of polishing cycles [43–45]. However, to obtain the friction decrease rate
for a longer term, the proposed framework, as shown in Figure 13, only measured friction
numbers from roadway locations experiencing different levels of traffic polishing along
pavement horizontal direction (e.g., middle, wheel path, and edge) without requiring
performing extensive laboratory testing to polishing pavement samples or long-term field
monitoring over time.

Therefore, the future pavement friction numbers on this roadway could be estimated
per the projected accumulated traffic per Equation (1). For instance, when selecting friction
numbers of 0.2 as maintenance threshold, the projected accumulated traffic per Figure 13
or Equation (1) will be 9.16 million on this road. It indicates the road would reach friction
numbers of 0.2 by the year 2031 for potential maintenance, which is 16 years of service
since its opening to the public in 2015 given the traffic condition and pavement mixture
characteristics.

It is worth noting that the friction decrease rate herein was estimated per the given
traffic conditions and roadway structures or mixtures only. Pavement constructed with
other materials for varying traffic conditions would exhibit varying rates of friction de-
crease. However, the proposed framework demonstrates the possibility of predicting future
pavement friction numbers via simply testing pavement friction numbers along horizontal
directions (e.g., edge, wheel path, middle of roadway) and assumed accumulated traffic
polishing. The proposed framework could minimize the need for laboratory testing to
polish the samples or long-term friction monitoring, which could be affected by testing
temperatures, locations, or speed over time.
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6. Conclusions

This study presents a field investigation of pavement texture and skid resistance
evolution under real-world traffic polishing via 0.01 mm 3D images. The pavement texture
and friction data were collected via a laser image device and a DFT, individually, from
the middle, right wheel path, and edge of an asphalt roadway in Oklahoma, USA. To
characterize pavement texture variations under traffic polishing, the 3D images from
various locations were processed as whole images, macrotexture images, and microtexture
images for visually inspection and calculation of 20 different 3D areal texture parameters
from five perspectives (height, spatial, hybrid, functional, and feature). The results indicate
that the wheel path had extensive large aggregate exposure from significant traffic polishing
over the last seven years, the middle of the lane showed a mix of aggregate sizes due to
moderate polishing, and the edge displayed minimal aggregate exposure from limited
polishing. The calculated 3D areal texture parameters were able to characterize these
texture variations due to traffic polishing at whole image, macro- and microtexture levels.

Furthermore, the roadway edge showed the highest average friction number, followed
by the middle and right wheel path under different DFT testing speeds, due to different
levels of traffic polishing over time. The texture parameters were then combined with
the DFT testing speed to develop friction prediction models via linear and nonlinear
methodologies. The RF model achieved an excellent performance for friction prediction
with the selected inputs (height parameters skewness (Ssk-mac) and kurtosis (Sku-mac), spatial
parameter (Std-mac) from macrotexture images, height parameters skewness (Ssk-mic) from
microtexture images, and DFT testing speed), indicating a nonlinear relationship between
pavement texture parameters and friction numbers.

Last, the friction decrease rate was discussed based on the assumed accumulated
traffic polishing and measured friction numbers along roadway horizontal directions (edge,
middle, and wheel path). The proposed framework determines friction decrease rates
via roadway friction numbers along horizontal direction under varying levels of traffic
polishing, without requiring extensive laboratory testing or long-term field monitoring.
It could offer an efficient method for estimating future maintenance timing to restore
pavement skid resistance based on cumulative real-world traffic passes.

However, it is worth noting that the developed friction prediction models and friction
decrease rate are developed based on the limited data collections in this study. A wide
range of pavement sections with other texture and friction properties are desired in future
research to improve their robustness and general performance. Also, the obtained friction
decrease rate should be validated against long-term field monitoring data to verify its
accuracy and effectiveness. Lastly, detailed traffic data (e.g., vehicle classes, percentage of
trucks) should be included in future studies to improve the model’s performance as well.
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