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Abstract 

Road performance (e.g., rolling resistance, friction, noise, and hydroplaning) is affected by surface 

macrotexture. The characteristics above need to be controlled and predicted at the design stage 

because of the consequences on sustainability and safety. However, macrotexture is quite difficult to 

govern when designing a mixture and this fact poses many issues, especially when focusing on Low-

nominal maximum aggregate size, NMAS, mixtures. Consequently, tools are needed, at the design 

stage, to better predict a pavement surface macrotexture (e.g., mean texture depth, MTD). For these 

reasons, the main objective of this study is to set up and implement a model to predict MTD at the 

design stage. To this end, three main data sets of bituminous mixtures were taken into account. The 

first data set was created considering technical specifications limits, the second one consisted of data 

from the literature, and the third one consisted of mixtures especially created in the laboratory (low- 

NMAS mixtures). Modelling was carried out by setting up several equations, which are based on the 

sphere packing model and on the concept of filling volume, FV, herein introduced. Results 

demonstrate that (1) NMAS and FV can explain up to 88% of MTD variance, (2) the lower 

specification limits set up in technical specifications must not be considered as good descriptors of the 

expected MTD, and (3) for low-NMAS mixtures the impact of FV appears less important, while the 

impact of NMAS seems to be still important. Results can benefit both researchers and practitioners.      

Key words: Low-noise; Low-NMAS; Air void content; Mean Texture Depth modelling; Filling 

volume; Road pavement; Specifications limits 
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1. Introduction 

Road performance (e.g., rolling resistance, friction, noise, and hydroplaning) is affected by surface 

macrotexture (e.g., mean texture depth, MTD). The characteristics above need to be controlled and 

predicted at the design stage because of the consequences on sustainability and safety [1–3].  

In more detail, rolling resistance is the force resisting the motion when a vehicle moves on a road. 

The rolling resistance coefficient, RRC, is the ratio between the rolling resistance and the normal 

force. RRC depends on speed usually with a negative correlation, i.e., RRC decreases when speeds 

increase. RRC depends also on air temperature (usually positive correlation), tyres, and surface 

texture (e.g., macrotexture and roughness, with positive correlations). RRC typically varies from 

0.005 to 0.02. In the literature (cf. [4][5][6]), RRC is often supposed to depend linearly on mean 

profile depth, MPD (and sometimes also on IRI, cf. MIRIAM project report cited in [4]): 

 0093.00017.0 + MPDRRC  (1) 

The relationship above uses the mean profile depth, MPD, mm (ISO 13473-1), instead of the mean 

texture depth, MTD, mm (ISO 13473-1). Even if different relationships are given, especially for 

porous asphalts [7], based on ASTM E 1845 [8], it is: 

 2.08.0 += MPDMTD  (2) 

Figure 1.a illustrates how RRC (dimensionless) varies as a function of MTD (mm), where the 

pictogram  points out that the given condition does not comply with main road engineering 

objectives (high rolling resistance and friction, and low water film thickness and noise level) and vice 

versa. 
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(a) (b) (c) (d) 

Figure 1. MTD versus RRC, HPS, friction, and noise. 

 

The hydroplaning speed, HPS (Fig. 1.b), refers to the speed that can lead to a complete loss of 

contact and friction between tyre and road. It depends on water film depth (WFD), on the length of 

wet track, on the presence of lubricants, on the tyre pressure (positive correlation), on tyre tread, on 

pavement capacity to drain away water, on pavement macrotexture, on type of contact, on road 

geometry, on pavement type (cf. PAVDRN model), on vehicle type (e.g., car or truck), and on the 

type of wheel system (all-wheel, front-wheel, rear-wheel drive, cf. [9–12]). It is noteworthy that the 

hydroplaning speed is an indirect measure of the effect of macrotexture on friction loss due to contact 

loss for a given scenario (including macrotexture level). For tyre pressures of about 2.0-2.5 bars, for 

cars, HPS is usually 60-100 km/h. HPS can be estimated using many models, including the Gallaway 

model [9–11]: 

 𝐻𝑃𝑆 = 0.9143 ⋅ 𝑆𝐷0.04 ⋅ 𝑝𝑡
0.3 ⋅ (0.794 + 𝑇𝐷)0.06 ⋅ 𝐴, (3) 

where HPS is the hydroplaning speed (km/h), SD is the spindown of the tire rotational speed at the 

initiation of hydroplaning (%), pt is the tyre pressure (kPa), TD is the tyre tread depth (mm), and A is 

a parameter that can be estimated using the following equation: 

 𝐴 = 𝑚𝑎𝑥 (
12.639

𝑊𝐹𝐷0.06 + 3.50 ; [
22.351

𝑊𝐹𝐷0.06 − 4.97] ⋅ 𝑇𝑋𝐷0.14). (4) 
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In Eq. 4, TXD=MTD is the mean texture depth (mm), while WFD stands for Water Film depth (mm). 

In turn, WFD can be estimated using the following expression: 

 

𝑊𝐹𝑇 = 0.01485 [
𝑇𝑋𝐷0.11⋅𝐿0.43⋅𝐼0.59

𝑆0.42
] − 𝑇𝑋𝐷,

 (5) 

where L is the drainage path length (m), I is the rainfall intensity (mm/h), and S is the pavement cross 

slope (m/m).  

Figure 1.b illustrates how HPS (solid line, V@165) and WFD (dotted line) vary as a function of MTD 

(x-axis), under the following assumptions: MTD: varied, flow path length: 60 m, rainfall intensity: 

80 mm/h, flow path slope: 3%; spin down speed: 10%, tyre pressure: 165 kPa, Tyre tread 

depth: 0.5 mm (cf. [9–12]). 

The synergy between macro- and micro-texture in determining pavement-tyre friction is somehow 

far from being well assessed. Indeed, pavement-tyre friction encompasses many contributions, 

including: 1) Rubber adhesion force (to the pavement, especially in dry conditions); 2) Rubber 

hysteresis force (caused by tire deformation and related to rolling resistance). Especially in wet/wet 

and flooded conditions, 3) Rubber cohesion force (which is needed to break the interface contaminant 

bond); and 4) Air and fluid drag force ([16]). 

Micro-texture can be assessed for example in terms of PTV (British pendulum, cf. [13–19]) or DFT 

(ASTM E 1911), while macrotexture can be assessed for example in terms of MTD. 

In wet conditions, friction is affected by macrotexture mostly because of permeability and wet contact 

impact. At the same time, in dry conditions, friction could be affected by macrotexture because of 

dissipated energy (cf. [20]). To this end, it is noted that by referring to the attempt to conceptualise the 

transition from one friction measurement method to another one via the use of macrotexture 

parameters (International Friction Index,  PIARC experiment [21], and ASTM E 1960-07 [22]) further 

studies are needed (cf. [23,24]). Based on [25,26], a wet-related equation is as follows: 

 
( ) 









+


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,

 (6) 
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where SNV is the skid number at a vehicle speed V (mph), TD stands for tire tread depth (in), and WD 

represents the water film thickness (in). Note that this model is applicable for passenger cars with tires 

with an inflation pressure of 165.5 kPa. Figure 1.d illustrates how MTD affects friction. Note that the 

parameter SN50 in Fig. 1.c was derived using Eq. 6, with V = 50 km/h, TD = 0.5 mm, and 

WD = 4 mm.  

Traffic noise and particularly rolling noise are affected by macrotexture mainly because of MTD 

relationship with generation factors (Weyl-Van Der Poel’s equation [27]), porosity, tortuosity, and 

resistivity (cf. [28,29]). Figure 1.d shows how MTD affects LCPX(50) (where LCPX(50) is the sound 

pressure level of the rolling noise measured using the Close Proximity, CPX, method at 50 km/h, 

based on [30]). 

Finally, Fig. 2 illustrates how the four selected parameters above are affected by MTD, in terms of 

percentages. Note that curves were normalized with respect to MTD = 1 mm. Even if these values are 

partly biased due to the interaction between MTD (x-axis) and other factors (e.g., AV), Fig. 2 points 

out that high values of MTD (e.g., five times higher, from 1 mm to 5 mm) imply an increase of rolling 

resistance (solid line, +105%), noise (dashed line, +8%), friction (solid line with circular marker; 

+15%), and hydroplaning speed (dotted line, +8%). In contrast, when MTD decreases towards lower 

values (domain of low-NMAS mixtures), for values of MTD five times smaller (i.e., from 1mm to 0.2 

mm, flat surface), rolling resistance (-21%), noise   (-8%,), and friction (-23%) decrease, while the 

hydroplaning speed does not undergo tangible variations.  It is worth noting that the potential decrease 

of macrotexture and friction for MTDs lower than 1mm, is even more critical when designing low-

noise mixtures, because a balance must be pursued among concurring instances (e.g., acoustic impact 

and safety), based on a few parameters such as aggregate gradation, bitumen percentage, and 

compaction effort.  
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Figure 2. MTD versus parameters percentage. 

Unfortunately, despite the impact of macrotexture on the quoted characteristics, macrotexture is quite 

difficult to govern when designing a mixture and this fact poses many issues especially when focusing 

on Low-Nominal Maximum Aggregate Size, NMAS, mixtures. Consequently, at the design stage, 

tools are needed to better predict a pavement surface macrotexture. 

Based on the above, the main objective of the study presented in this paper is to set up and validate a 

model to use at the design stage for the estimation of pavement surface macrotexture (cf. Fig. 3). 

In pursuing the objective above (cf. Fig. 3):  

A. Three data sets were populated (bringing with their combinations to seven possible data sets): 

i. Requirements (data set RE). Indeed, these data are the main support during mix 

design. 

ii. Literature (data set LI). This set is crucial because entails the effect of processes. 

iii. Experiments (data set EX). This set is essential because refers to the specific issue.  

B. A model was set up and implemented in terms of two main equations. 

C. As a part of model finalization, eight expressions for the “filling volume” (concept and eight 

parameters herein introduced) were set up and implemented. 

D. The level of compaction considered was the one that corresponds to the use of technical 

requirements, that is to say the one of as-built pavements.  

Overall, the following tasks were carried out:  



7 
 

Task 1. Background: analysis of contractual requirements (data set requirements, RE) and analysis of 

the literature (data set literature, LI), see section 2. 

Task 2. Modelling: Macrotexture modelling based on a sphere packing model and introducing the 

concept of “filling volume” (see section 3). 

Task 3. Experiments: Create and test low-noise hot mix asphalt specimens, data set EX (cf. section 4). 

Task 4. Model implementation (cf. section 5): Validate the proposed model (see section 5). Task 4.1: 

2 equations, 6 Filled Volumes, FVi, 6 data sets. Task 4.2: Calibrations using the data set LI; Task 4.3: 

validation using the data sets EX and RE); 

Task 5. Conclusions and recommendations (see section 6). 

 

Figure 3. Graphical abstract. 

2. Background 

This section illustrates how the data sets RE and LI were derived (task 1). Table 1 shows the 

requirements (RE) used in this study. In particular, based on two main Italian documents (i.e., CIRS 

and ANAS, respectively; cf. [31,32]), Dense Graded Friction Course (DGFCs), Open Graded Friction 

Course (OGFCs), Very Thin Layers, and “Splitmatix” mixtures were taken into account. 

Tab.  1. Reference requirement (CIRS and ANAS documents). 

Mix DGFCs 

Ref. CIRS [31] ANAS [32] 

GRADATION 

BITUMEN % 

COMPACTION 

EFFORT 

NMAS/SPHERE 

PACKING  

FILLING 

VOLUME 

NDES 

DATA SET  

AV  

MTD  1 

2 

8 

7 

Notes: 1, 8, 2, 7= Number of cases considered.  
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Thickness 

[cm] 
5.00 3.50 2.50 5.00 3.50 2.50 5.00 3.00 5.00 3.00 5.00 3.00 5.00 

Psand 23.5 23.5 28.5 23.5 23.5 28.5 23.5 27 23.5 27 23.5 27 23.5 

Gsesand 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 

Pfiller 8.00 8.00 8.00 8.00 8.00 8.00 8.00 8.00 8.00 8.00 8.00 8.00 8.00 

Gsefiller 2.93 2.93 2.93 2.93 2.93 2.93 2.93 2.93 2.93 2.93 2.93 2.93 2.93 

P4.75 47.5 50 55 47.5 50 55 49 54 49 54 49 54 49 

Gse4.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 

Gse4.75app 2.76 2.76 2.76 2.76 2.76 2.76 2.76 2.76 2.76 2.76 2.76 2.76 2.76 

Pb 5.3 5.5 5.7 5.3 5.5 5.7 5.3 5.3 5.3 5.3 5.3 5.3 6.1 

Gb 1.02 1.02 1.02 1.02 1.02 1.02 1.02 1.02 1.02 1.02 1.02 1.02 1.02 

AVdes 5 5 5 5 5 5 4.5 4.5 4.5 4.5 4.5 4.5 4.5 

Ndes 100 100 100 100 100 100 120 120 130 130 140 140 120 

D 150 150 150 150 150 150 100 100 100 100 100 100 100 

NMAS 10.0 10.0 8.9 10.0 10.0 8.9 12.5 8.0 12.5 8.0 12.5 8.0 12.5 

ΔMTD 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 

MTDmin 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 

Mix OGFCs M S 

Ref. 
CIRS 

[31] 

ANAS 

[32] 

ANAS 

[32] 

CIRS 

[31] 

ANAS 

[32] 

ANAS 

[32] 

CIRS 

[31] 

CIRS 

[31] 

CIRS 

[31] 
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name 
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 0
/1

2
 

C
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 0
/8

 

C
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 0
/5

 

Thickness 

[cm] 
4.5 5 4 0.7 0.65 0.65 0.8 0.6 0.3 

Psand 9 3 3 12.5 40.5 35 15 13 11 

Gsesand 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 

Pfiller 6.00 6.00 6.00 7.50 7.50 7.50 10.00 10.00 10.00 

Gsefiller 2.93 2.93 2.93 2.93 2.93 2.93 2.93 2.93 2.93 

P4.75 20 12.5 11 25 80 65 42.5 39 95 

Gse4.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 2.75 

Gse4.75app 2.76 2.76 2.76 2.76 2.76 2.76 2.76 2.76 2.76 

Pb 5.5 5.3 5.8 5.5 5.3 7.5 7 7 7.5 

Gb 1.02 1.02 1.02 1.02 1.02 1.02 1.02 1.02 1.02 

AVdes 17 22 22 12 4.5 N/A 3 3 3 

Ndes 50 50 50 50 100 N/A 50 50 50 

D 150 100 100 150 100 N/A 150 150 150 

NMAS 15.0 14.0 11.0 10.0 4.0 7.0 12.5 9.5 4.75 

ΔMTD 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 
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MTDmin 0.8 1 0.8 0.6 0.5 0.3 0.5 0.5 0.5 
Symbols [31][33]. DGFC and OGFC= Hot Mix Asphalt (HMA) Dense and Open Graded Friction Courses, respectively; A 

and B=Two reference gradation curves; m= HMA containing modified bitumen; M=Very Thin Layer consisting of HMA; 

S=”Splitmatix” HMA mixture; Psand=Percentage of sand in the mixtures (i.e., the difference between the passing percentage 

at the 2 mm sieve and the passing percentage at the 0.063 mm sieve; [dim.less] %); P4.75=Passing at the 4.75 mm sieve 

[dim.less] (%); Gsesand=Effective specific gravity of the sand [dim.less]; Gsefiller=Effective specific gravity of the filler 

[dim.less]; Gse4.75=Effective specific gravity of the P4.75 [dim.less]; Gse4.75app=Approximated Effective specific gravity of the 

P4.75, i.e. which include the passing percentage at the 0.063 mm sieve [dim.less]; Pb=Percentage of bitumen by weight of the 

mixture [dim.less] (%); Gb=Specific gravity of the bitumen [kg/m3]; AVdes=As design air voids in the mixture; Ndes=As 

design number of gyrations of the superpave gyratory compactor to obtain specimens with air voids equal to AVdes 

[dim.less]; D=Specimen diameter [mm]; NMAS=a.k.a. MNS, is the largest sieve that retains some of the aggregate particles 

but generally not more that 10% by weight [mm]; MTD=Mean Texture Depth [mm]; ΔMTD=Tentative value to express the 

variance of MTD;  MTDmin=lower limit of the MTD; N/A=Not Available. 

 

Figure 4 and table 2 illustrate the aggregate gradation and main characteristics of the seventy-three 

mixtures used to populate the data set LI. 

 
(a) 
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(b) 

Figure 4. Aggregate gradations (data set LI): a) Gradation curves; b) Percentage passing. 

Tab.  2. Reference asphalt concrete mixtures from the literature (data set LI). 

 NMAS [mm] 

AV (%) 10-18 7-10 0-7 

0-8 

SMA16, SMA17, SMA18, 

CG14, CL14, CL11, FG13, 

FL13, PAC13 

SMA8, SMA8+CR, AC10, 

SMA10, CG10, FG10, 

FL10, SMA9 

ISO, AC5+CRD, 

AC6+CRW, WMA 

AC6+CRD 

8-16 PAC16 SMA8+CR AC6, AC6+CR 

16-27 
DL1, DL2 (PAC13+PAC20), 

PAC16, PAC12 
PAC9 AC6+CR, PA6, AC4 

Symbols. NMAS=Nominal Maximum Aggregate Size; AV=Air void content of the mixture; SMA=Stone Mastic Asphalt; 

AC=Asphalt Concrete; PAC=Porous Asphalt Concrete; DL=Double layer PAC; CG=Coarse Gravel; CL=Coarse 

Limestone; FG=Fine Gravel; FL=Fine Limestone; ISO=reference surface from ISO 10844; CRD=Crumb rubber added 

applying the Dry method; CRW=Crumb rubber added applying the Wet method; WMA=Warm Mix Asphalt. Note that: 1) 

all the mixtures, except for the WMA one are Hot Mix Asphalts.  2) The numbers after the acronym of the mixture are the 

Maximum Aggregate Sizes (MAS) or the NMAS. 

References. SMA8, SMA8+CRW [14]; PAC9 [15]; DL1=(PAC13+AC20), DL2=(PAC13+PAC20)[34]; AC6, 

AC6+CRD, PAC6, AC10, SMA10, AC4 [35]; ISO=Reference surface of the ISO 10844 [36]; AC5+CRD, AC6+CRW, 

WMA AC6+CRD [37]; PA16 [38]; SMA16, SMA17, SMA18 [39]; CG14, CL14, FG13, FL13, FL10, SMA9, PAC13 

[40]; PAC12 [41]. 

 

 

Mix Mix

# 20.0 16.0 14.0 10.0 8.0 6.3 4.0 2.0 1.0 0.50 0.25 0.125 0.063 # 20.0 16.0 14.0 10.0 8.0 6.3 4.0 2.0 1.0 0.50 0.25 0.125 0.063
1 100 100 100 100 98 83 40 25 20 17 13 11 9 38 100 90 85 50 33 24 14 6 5 5 4 3 3

2 100 100 100 100 98 83 40 22 16 13 10 7 5 39 100 90 85 50 33 24 14 6 5 5 4 3 3

3 100 100 100 100 98 83 40 22 16 13 10 7 5 40 100 90 85 50 33 24 14 6 5 5 4 3 3

4 100 100 100 98 80 50 27 11 9 6 5 4 2 41 100 91 86 75 70 65 51 36 26 20 14 11 9

5 100 100 96 73 57 42 26 19 13 10 8 5 4 42 100 91 86 75 70 65 51 36 26 20 14 11 9

6 100 100 96 71 55 40 24 17 13 9 7 5 4 43 100 87 80 66 58 52 41 30 22 17 13 10 9

7 100 100 96 69 52 38 22 15 13 10 8 5 4 44 100 91 86 75 70 65 51 36 26 20 14 11 9

8 100 100 95 62 44 30 15 10 7 6 5 4 4 45 100 91 86 75 70 65 51 36 26 20 14 11 9

9 100 100 96 52 34 21 9 8 7 6 5 4 3 46 100 87 80 66 58 52 41 30 22 17 13 10 9

10 100 100 96 73 57 42 26 19 13 10 8 5 4 47 100 84 75 57 47 39 32 24 18 14 10 7 6

11 100 100 96 71 55 40 24 17 13 9 7 5 4 48 100 88 81 68 61 55 44 33 24 18 13 10 9

12 100 100 96 69 52 38 22 15 13 10 8 5 4 49 100 88 81 68 61 55 44 33 24 18 13 10 9

13 100 100 95 62 44 30 15 10 7 6 5 4 4 50 100 88 81 68 61 55 44 33 24 18 13 10 9

14 100 100 96 52 34 21 9 8 7 6 5 4 3 51 100 87 80 66 58 52 41 30 22 17 13 10 9

15 100 100 100 100 100 90 88 58 35 24 18 13 11 52 99 94 91 79 67 56 41 27 19 11 6 4 2

16 100 100 100 100 100 90 88 58 35 24 18 13 11 53 99 94 91 79 67 56 41 27 19 11 6 3 2

17 100 100 100 100 100 90 88 58 35 24 18 13 11 54 100 100 99 91 81 71 55 35 23 14 7 3 2

18 100 100 100 100 100 90 88 58 35 24 18 13 11 55 100 100 99 91 81 71 55 35 23 14 7 3 2

19 100 100 100 100 100 90 88 58 35 24 18 13 11 56 99 94 91 75 66 59 47 31 20 11 6 3 2

20 100 100 100 100 100 90 88 58 35 24 18 13 11 57 99 94 91 75 66 59 47 31 20 11 6 3 2

21 100 100 100 100 97 93 70 27 17 11 9 7 4 58 100 100 99 87 76 67 53 35 22 13 7 3 2

22 100 100 100 90 86 76 65 44 30 19 14 8 6 59 100 100 99 87 76 67 53 35 22 13 7 3 2

23 100 100 100 90 70 45 39 26 18 12 10 8 6 60 99 94 91 82 75 69 58 41 27 18 10 4 2

24 100 100 100 100 100 100 90 48 30 20 17 12 7 61 99 94 91 82 75 69 58 41 27 18 10 4 2

25 100 100 100 100 100 100 90 70 51 35 28 18 12 62 100 100 99 91 83 76 64 46 31 21 13 5 2

26 100 100 100 100 100 100 100 87 63 48 32 21 16 63 100 100 99 91 83 76 64 46 31 21 13 5 2

27 100 100 100 100 100 88 78 58 38 25 19 14 10 64 99 94 91 82 73 66 55 42 26 18 10 4 2

28 100 100 100 100 100 100 81 29 18 15 12 10 9 65 99 94 91 82 73 66 55 42 26 18 10 4 2

29 100 100 100 100 100 92 43 22 17 15 13 11 8 66 100 100 99 91 83 76 64 46 28 18 10 4 2

30 100 100 100 100 100 93 55 34 24 18 14 10 7 67 100 100 99 91 83 76 64 46 28 18 10 4 2

31 100 90 85 50 33 24 14 6 5 5 4 3 3 68 100 100 100 95 77 58 33 19 22 16 11 5 2

32 100 90 85 50 33 24 14 6 5 5 4 3 3 69 100 100 100 95 77 58 33 19 22 16 11 5 2

33 100 90 85 50 33 24 14 6 5 5 4 3 3 70 99 94 91 85 66 46 24 16 15 9 5 3 2

34 100 90 85 50 33 24 14 6 5 5 4 3 3 71 100 100 98 83 64 45 20 14 10 8 6 5 5
35 100 90 85 50 33 24 14 6 5 5 4 3 3 72 100 100 98 83 64 45 20 14 10 8 6 5 5
36 100 90 85 50 33 24 14 6 5 5 4 3 3 73 100 100 98 83 64 47 24 14 10 8 6 5 5
37 100 90 85 50 33 24 14 6 5 5 4 3 3

% Passing % Passing
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3. Modelling 

The hexagonal packing model was used as a reference model to start to build the proposed model 

(Task 2). Note that this reference model allows obtaining a theoretical density (i.e., ratio between the 

volume of the spheres and the volume of the cube) of about 74 % [42]. Table 3 shows the logical 

framework that was followed to define the proposed model. Note that Eq. 8 was derived based on the 

definition of the average depth of pavement surface macrotexture (cf., EN 13036-1  [43]), the MTD 

can be considered as the ratio between “a known volume of material on the surface and subsequent 

measurement of the total area covered”. 

Tab.  3. Modelling. 

Parameter  Unit of 

measure 

Equation Equation 

number 

Side of a reference 

cube containing spheres 

of radius r 

mm 

2

4 r
l


=

 

(7) 

Area of the face of the 

cube 

mm2 2
q lA =

 
(8) 

Volume of the cube mm3 

2

3 r
AlV qc ==  

(9) 

Volume of the spheres 

inside the cube 

mm3 
3

3

4
4 rVs = 

 

(10) 

Volume of voids into 

the cube containing the 

spheres 

mm3 
scv VVV −=

 
(11) 

Volume of bitumen 

into the asphalt 

concrete mixture 

mm3 

b

b

mix

b

bcmix

b

bmix

b

b

b

Pl
PV

PWW
V

=


=

=


==











3

 

where Wb is the mass of the bitumen (g), b is the 

density of the bitumen (e.g., 0.00103 g/mm3), and mix 

is the density of the mixture (e.g., 0.00234 g/mm3). 

(12) 

 

Air void content  dim.less 

(%) 

c

bsc

V

VVV
AV

−−
=

  

(13) 

Mean Texture Depth 

 

mm 

AVrkAVrAVl

l

AVl

A

AVV

A

VVV
MTD

q

c

q

bsc

===

=


=


=
−−

=

2

4

2

3

 

where k is a coefficient to calibrate. 

(14) 
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3.1 Model generalization 

Taking into account the Eq. 14, and under the hypotheses that  

• the quantity 2·r represents the NMAS of the mixture,  

• k1 represents the sand/bead diameter, 

• MTD ≥ k1,  

the Eq. 14 was generalized as follows (see Tab. 4, and Eq. 15) where k2, α, and β are coefficients to 

calibrate. Finally, based on the AV expression (Eq. 13), two expressions of MTD can be considered 

(cf. Eqs. 17 and 18). 

 

Tab.  4. Model generalization. 

Parameter  Unit of 

measure 

Equation Equation 

number 

Mean Texture Depth mm  NMASAVkkMTD += 21  (15) 

Air void content  dim.less 

(%) 

 

   FVkkFVk
Gse

Psand
k

FV
P

Gmb

V

V

Gb

Pb

Gse

Pf

Gse

Psand

P

Gmb

V

V

Gb

Pb

Gse

Pag

VV

V

Va
Gb

Pb

Gse

Pag
P

Gb

Pb

Gse

Pag
P

Gmm

Gmb
AV

sand

TT

T

fsandTT

T

TT

T

T

T

−−−

−=

=











++−=

=







+−=

=









++









+

−=−=

431

1

11

 

with  FVkk  43 , with FV stands for filled 

volume. 

(16) 

Mean Texture Depth 

 

mm 

( ) 





NMASFVkkkk

NMAS
Gmm

Gmb
kkMTD

−+=

=







−+=

4321

21 1
 

(17) 

The following equations were investigated:  

Mean Texture Depth mm When k3 = 0, k4 = -1, and γ = -α  
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



FV

NMASk
kMTD


+= 2

1
 

where k2, k3 and k4 are compaction dependent. 

(18) 

 

 

Filled volumes 

Note that the following 

values were used to 

derive the filled volumes, 

FVi (with i=1, …, 8), i.e. 

Gsesand=2.75;  

Gse4.75app=2.76; 

Gse4.75=2.75; 

Gsefiller=2.93; 

Gb=1.02. 

[dim.less] 

sand

sand

Gse

P
FV =1  

appGse

P
FV

75.4

75.42 =  

75.4

75.4
3

Gse

PP
FV

filler−
=  

filler

filler

Gse

P
FV =4  

b

b

G

P
FV =5  

b

b

filler

filler

sand

sand

G

P

Gse

P

Gse

P
FV ++=6  

b

b

app G

P

Gse

P
FV +=

75.4

75.47  

b

b

filler

fillerfiller

G

P

Gse

P

Gse

PP
FV ++

−
=

75.4

75.4
8  

 

(19) 

 

(20) 

 
(21) 

 

(22) 

 

(23) 

 

(24) 

 
(25) 

 

(26) 

 

By referring to equations 17 and 18, note that the sphere packing model yields a solution where MTD 

is linearly proportional to AV. On the other hand, due to its intrinsic approximations solutions where 

MTD is proportional to the power of AV have demonstrated to increase the percentage of explained 

variance. Furthermore, based on the equations above, under the assumptions of the sphere packing 

model, it is: 

 ( )FVbaFVkk −=− 143 ,
 (27) 

and 

 ( ) ( )
FVdcFVkk −=− 143 .

 (28) 

The expressions above may have drawbacks in terms of optimisation and rationale behind. 

Indeed, both 1-b·FV and 1-d·FV must be positive (as AV) and this may raise issues in terms of 

optimisation when considering the power. Furthermore, the expressions (1-b·FV) and (1-d·FV) do not 

comply with the rationale behind the concept of AV, because FV focuses on the filling material and 
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does not consider the remaining part of the volume filled by coarse aggregate. In order to overcome 

the issues above, let us introduce the factor 1/FVα as an alternative to c·(1-d·FV) α. 

Figure 5 illustrates the transition from AV to k3-k4·FV to 1/FVγ. 

 

Figure 5. Transition from AV to k3-k4×FV to 1/FVγ. 

Equations 19 to 26 refer to the concept of filling volume as the fine part of the mixture (e.g., sand and 

bitumen) free to flow and fill the voids left from the coarse portion of aggregate, e.g., the sphere of the 

sphere packing model, where FV3+FV4+FV5=FV8. Table 5 illustrates how the eight indicators above 

perform for the data set RE. Note that the highest values are often the ones that correspond to dense-

graded mixtures, while the lowest are usually the ones that pertain to open-graded mixtures. 

Tab.  5. Filled volumes (FV) related to the data set RE. 

Mix DGFCs 

Ref. CIRS [31] ANAS [32] 

Tentative 

name 

C
IR

S
-D

G
F

C
-A

 

C
IR

S
-D

G
F

C
-B

 

C
IR

S
-D

G
F

C
 -

C
 

C
IR

S
-D

G
F

C
(m

)-
A

 

C
IR

S
-D

G
F

C
(m

)-
B

 

C
IR

S
-D

G
F

C
(m

)-
C

 

A
N

A
S

-D
G

F
C

-A
 

A
N

A
S

-D
G

F
C

-B
 

A
N

A
S

-D
G

F
C

(m
s)

-A
 

A
N

A
S

-D
G

F
C

(m
s)

-B
 

A
N

A
S

-D
G

F
C

(m
h

)-
A

 

A
N

A
S

-D
G

F
C

(m
h

)-
B

 

A
N

A
S

-D
G

F
C

-A
+

F
o

am
 C

la
y

 

FV1 8.5 8.5 10.4 8.5 8.5 10.4 8.5 9.8 8.5 9.8 8.5 9.8 8.5 

FV2 17.2 18.1 19.9 17.2 18.1 19.9 17.8 19.6 17.8 19.6 17.8 19.6 17.8 

FV3 14.4 15.3 17.1 14.4 15.3 17.1 14.9 16.7 14.9 16.7 14.9 16.7 14.9 

FV4 2.7 2.7 2.7 2.7 2.7 2.7 2.7 2.7 2.7 2.7 2.7 2.7 2.7 
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FV5 5.2 5.4 5.6 5.2 5.4 5.6 5.2 5.2 5.2 5.2 5.2 5.2 6.0 

FV6 16.5 16.7 18.7 16.5 16.7 18.7 16.5 17.7 16.5 17.7 16.5 17.7 17.3 

FV7 22.4 23.5 25.5 22.4 23.5 25.5 22.9 24.8 22.9 24.8 22.9 24.8 23.7 

FV8 22.3 23.4 25.4 22.3 23.4 25.4 22.8 24.7 22.8 24.7 22.8 24.7 23.6 

Mix OGFCs M S 

Ref. 
CIRS 

[31] 

ANAS 

[32] 

ANAS [32] CIRS 

[31] 

ANAS 

[32] 

ANAS 

[32] 

CIRS 

[31] 

CIRS 

[31] 

CIRS 

[31] 

Tentative 

name 

C
IR

S
-O

G
F

C
 

A
N

A
S

-O
G

F
C

 

A
N

A
S

-O
G

F
C

+
 

+
F

o
am

 C
la

y
 

C
IR

S
-M

 

A
N

A
S

-M
-H

O
T

 

A
N

A
S

-M
-

C
O

L
D

 

C
IR

S
-S

 0
/1

2
 

C
IR

S
-S

 0
/8

 

C
IR

S
-S

 0
/5

 

FV1 3.3 1.1 1.1 4.5 14.7 12.7 5.5 4.7 4.0 

FV2 7.2 4.5 4.0 9.1 29.0 23.6 15.4 14.1 34.4 

FV3 5.1 2.4 1.8 6.4 26.4 20.9 11.8 10.5 30.9 

FV4 2.0 2.0 2.0 2.6 2.6 2.6 3.4 3.4 3.4 

FV5 5.4 5.2 5.7 5.4 5.2 7.4 6.9 6.9 7.4 

FV6 10.7 8.3 8.8 12.5 22.5 22.6 15.7 15.0 14.8 

FV7 12.6 9.7 9.7 14.5 34.2 30.9 22.3 21.0 41.8 

FV8 12.5 9.6 9.6 14.3 34.1 30.8 22.1 20.8 41.7 

Symbols. See Tables 1. 

 

4. Experiments 

In order to assess mean texture depth (MTD) variability in the domain of low-Nominal Maximum 

Aggregate Size (NMAS) mixtures, fifty-two specimens were designed, produced, and tested (data set 

EX, Task 3). Tables 6 and 7 report the standards related to the methods used in this study. 

 

Tab.  6. Mix design methods applied and tests carried out on the specimens. 

Method Standard 

Superpave Giratory Compactor method  AASHTO T-312 [44], EN 12697-31 [45] 

Marshall method ASTM D6926-20 [46] , EN 12697-30 [47] 

 

Tab.  7. Methods, indicators, and standards taken into account in this study. 

Test Indicator  Standard 

Sand patch method Mean Texture Depth (MTD) ASTM E965 [48], and EN 13036-1 

[33,49] 

Corelok machine Bulk Specific Gravity (Gmb), and AV AASHTO T-331 [50], and ASTM 

D6752-09 [51] 
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Figure 6 depicts the main devices used. In particular, Figs. 6.a and 6.b show the two devices used to 

produce the specimens, i.e. the Superpave Gyratory compactor and the Marshall compactor, 

respectively. At the same time, Fig. 6.c shows the devices used to estimate the air void content and the 

Gmb of the specimens (cf. Tab. 7), i.e. the corelok machine (Fig. 6.c.1), the weight scale with on top 

the plastic bag used to seal the specimens (Fig. 6.c.2), and the specimens sealed in the plastic bag by 

the corelok machine (Fig. 6.c.3). Finally, Fig. 6.d shows one specimen before (Fig. 6.d.1) and after 

(Fig. 6.d.2) the application of the sand patches method that was used to estimate the macrotexture of 

the specimens (in terms of mean texture depth, MTD). Figure 7 shows the gradation curves of the 

mixtures created in laboratory. 

 

Figure 6. Devices used to produce (i.e., a: Superpave Gyratory Compactor, and b: Marshall 

compactor) and tests (i.e., c: Corelok machine, and d: devices used to apply the sand patch method) 

the specimens used in this study. 

Table 8 shows ranges and variations of the parameters related to the data set EX, which were derived 

carrying out the tests listed in Tab. 7.  

Tab.  8. Variance of the main parameters related to the data sets EX and LI. 

Data set 
Descriptive 

statistic 
Pb (%) AV (%) 

MTD 

[mm] 

NMAS 

[mm] 
Psand (%) P4.75 (%) Pfiller (%) 

EX min 3.0 0.1 0.1 5.6 14.7 58.2 6.4 

EX max 7.2 15.8 0.9 7.2 53.1 85.6 11.5 

EX mean 5.5 4.9 0.4 6.6 26.4 71.1 8.8 

EX st.dev. 1.14 3.59 0.23 0.56 14.02 10.74 1.46 
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LI min 4.0 2.2 0.2 2.5 3.5 13.3 2.0 

LI max 9.0 26.5 4.5 17.5 71.0 100.0 16.0 

LI mean 5.5 11.7 1.5 11.7 23.9 49.1 5.3 

LI st.dev. 1.03 8.03 1.25 4.03 16.00 24.03 3.50 

Symbols. See tables above. 

 

 

 

 
(a) 

 
(b) 

Mix Mix

Name # Name #

AC6d_1_0%RARX 1 AC6o_31_2%RARX 27

AC6d_5_5%RARX 2 AC6o_32_2%RARX 28

AC6d_10_2%RARX 3 AC6o_39_N50_2%RARX 29

AC6d_11_2%RARX 4 AC6o_40_N130_2%RARX 30

AC6d_12_2%RARX 5 AC6o_41_N220_2%RARX 31

AC6d_13_0%RARX 6 AC6o_42_M50_2%RARX 32

AC6d_14_0%RARX 7 AC6o_43_M75_2%RARX 33

AC6d_15_0%RARX 8 UGE_N50_2%RARX 34

AC6d_16_0%RARX 9 UGE_N130_2%RARX 35

AC6d_17_0%RARX 10 UGE_N130_2%RARX_BIS 36

AC6d_18_0%RARX 11 UGE_N220_2%RARX 37

AC6o_19_0%RARX 12 UGE_M50_2%RARX 38

AC6o_20_0%RARX 13 IDEAL OPEN_N50_5.5%B_2%RARX 39

AC6o_21_0%RARX 14 IDEAL OPEN_N130_5.5%B_2%RARX 40

AC6o_22_0%RARX 15 IDEAL OPEN_M50_5.5%B_2%RARX 41

AC6o_23_0%RARX 16 IDEAL OPEN_N50_6.2%B_2%RARX 42

AC6o_24_2%RARX 17 IDEAL OPEN_N130_6.2%B_2%RARX 43

AC6o_25_2%RARX 18 IDEAL OPEN_M50_6.2%B_2%RARX 44

AC6o_26_2%RARX 19 AC6o_55_N130_6.1%B_2%RARX 45

AC6o_27_0%RARX 20 AC6o_56_N130_6.35%B_2%RARX 46

AC6o_27_N50_0%RARX 21 AC6o_57_N130_6.1%B_2%RARX 47

AC6o_28_0%RARX 22 AC6o_58_N130_6.35%B_2%RARX 48

AC6o_28_N50_0%RARX 23 AC6o_59_N130_6.1%B_2%CR0 49

AC6o_29_0%RARX 24 AC6o_60_N130_6.35%B_2%CR0 50

AC6o_29_N50_0%RARX 25 AC6o_61_N130_6.1%B_2%CR0 51

AC6o_30_2%RARX 26 AC6o_62_N130_6.35%B_2%CR0 52
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(c) 

Figure 7. Aggregate gradations (data set EX): a) Gradation curves; b) Names and corresponding 

numbers; c) Percentage passing. 

5. Model implementation 

Based on the studies and the experiments carried out, model implementation (Task 4) was performed. 

For the purpose of assessing if the equations above have the ability to predict MTD, they were first 

calibrated and after validated, taking into account (cf. Figs. 1 and 8): 1) Three different data sets (LI, 

EX, RE) and their combinations, giving seven possible data sets (LI, EX, RE, LI U EX, LI U RE, EX 

U RE, LI U EX U RE). 2) Two main equations to analyse, i.e., Eqs. 17 and 18. 3) Eight main 

expressions for FVi (cf. Tab. 4). 4) Overall 7·2·8 = 112 possible combinations. Figure 8 summarises 

these efforts. 

Mix Mix

# 20.0 16.0 14.0 10.0 8.0 6.3 4.0 2.0 1.0 0.50 0.25 0.125 0.063 # 20.0 16.0 14.0 10.0 8.0 6.3 4.0 2.0 1.0 0.50 0.25 0.125 0.063

1 100 100 99 93 90 82 62 45 28 17 13 9 0 27 100 100 99 81 72 47 25 19 14 11 9 8 0

2 100 100 99 93 90 81 62 45 28 16 13 9 0 28 100 100 99 81 72 47 25 19 14 11 9 8 0

3 100 100 99 93 89 80 60 44 27 16 13 10 0 29 100 100 99 81 72 47 25 19 14 11 9 8 0

4 100 100 99 93 89 80 60 44 27 16 13 10 0 30 100 100 99 81 72 47 25 19 14 11 9 8 0

5 100 100 99 93 89 80 60 44 27 16 13 10 0 31 100 100 99 81 72 47 25 19 14 11 9 8 0

6 100 100 99 93 90 80 61 45 28 17 14 11 0 32 100 100 99 81 72 47 25 19 14 11 9 8 0

7 100 100 99 93 90 80 61 45 28 17 14 11 0 33 100 100 99 81 72 47 25 19 14 11 9 8 0

8 100 100 99 93 90 80 61 45 28 17 14 11 0 34 100 100 99 85 81 65 46 36 25 16 14 12 0

9 100 100 99 93 90 80 61 45 28 17 14 11 0 35 100 100 99 85 81 65 46 36 25 16 14 12 0

10 100 100 99 93 90 80 61 45 28 17 14 11 0 36 100 100 99 85 81 65 46 36 25 16 14 12 0

11 100 100 99 93 90 80 61 45 28 17 14 11 0 37 100 100 99 85 81 65 46 36 25 16 14 12 0

12 100 100 99 84 77 56 34 25 17 10 9 7 0 38 100 100 99 85 81 65 46 36 25 16 14 12 0

13 100 100 99 84 77 56 34 25 17 10 9 7 0 39 100 100 99 88 85 73 28 21 14 11 9 8 0

14 100 100 99 81 72 46 23 18 13 10 9 8 0 40 100 100 99 88 85 73 28 21 14 11 9 8 0

15 100 100 99 81 72 46 23 18 13 10 9 8 0 41 100 100 99 88 85 73 28 21 14 11 9 8 0

16 100 100 99 81 72 46 23 18 13 10 9 8 0 42 100 100 99 88 85 73 28 21 14 11 9 8 0

17 100 100 99 81 72 47 25 19 14 11 9 8 0 43 100 100 99 88 85 73 28 21 14 11 9 8 0

18 100 100 99 81 72 47 25 19 14 11 9 8 0 44 100 100 99 88 85 73 28 21 14 11 9 8 0

19 100 100 99 81 72 47 25 19 14 11 9 8 0 45 100 100 99 88 85 73 28 21 14 11 9 8 0

20 100 100 99 81 72 46 23 18 13 10 9 8 0 46 100 100 99 88 85 73 28 21 14 11 9 8 0

21 100 100 99 81 72 46 23 18 13 10 9 8 0 47 100 100 99 88 85 73 28 21 14 11 9 8 0

22 100 100 99 81 72 46 23 18 13 10 9 8 0 48 100 100 99 88 85 73 28 21 14 11 9 8 0

23 100 100 99 81 72 46 23 18 13 10 9 8 0 49 100 100 99 89 84 70 25 18 12 9 7 6 0

24 100 100 99 81 72 46 23 18 13 10 9 8 0 50 100 100 99 89 84 70 25 18 12 9 7 6 0

25 100 100 99 81 72 46 23 18 13 10 9 8 0 51 100 100 99 89 84 70 25 18 12 9 7 6 0

26 100 100 99 81 72 47 25 19 14 11 9 8 0 52 100 100 99 89 84 70 25 18 12 9 7 6 0

% Passing % Passing



19 
 

 

 

Phase  Eqs. Indicators Data set Tables  Figs 
 

Calibration 

17,18 FV1, …, FV8 LI, EX, RE, LI U EX, LI U RE, EX U RE, LI U EX 
 

9-12 
 

9-11 
18 FV2, FV3, FV7, FV8 LI, EX, RE, LI U EX 

Validation  18(LI) FV2, FV3, FV7, FV8 EX, RE, RE* 13-16 13,14 
 

Figure 8. Framework of the study (see Fig. 1). 

Tables 9-12 refer to calibration (Eqs. 17 and 18, data set LI, EX, LI U EX). Attention was preliminary 

focused on Eqs. 17 and 18, and on FVi. The calibration of Eq. 17 with different data sets underwent 

multiple issues because of the term (k3-k4·FV)α. Issues were partly solved by forcing factors, but, 

overall, Eq. 17 yielded lower percentages of explained variance (see Table 9, R2 < 0.84). Indeed, after 

several attempts, k1, k3, and α were imposed equal to the values that allow Eq. 17 fitting, i.e. 0.2, 1, 

and 1, respectively. For FVi, all the expressions resulted in quite sound results but only four out of 

eight expressions were selected because of slight improvements of R-square and/or their ability to 

explain particular types of mixtures (e.g., FV8 for SMAs). For data set, the data set RE (requirements) 

was considered less appropriate than LE and EX because in it a lower number of mixture types are 

considered, and because they refer to requirements and not to real mixtures. Based on the above, Eq. 

18 and the selected four FVi were used for the calibration, using three data sets, i.e., LI (see Tab. 9), 

EX (see Tab. 10), LI U EX (see Tab. 11).  

For validation, Eq. 18 (calibrated for LI) and the selected four FVi were validated against the data sets 

EX (Table 13) or RE (Tabs. 14-16). Tables 9 and 10 report the results obtained using the Eqs. 17 and 

112

solutions

8 FVi 
expressions 

(with i=1, 
..., 8) 7 data sets 

(LI, EX, and 
RE)

2 Equations 
(17 and 18)
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18, respectively. Figures 9 and 10 report the results obtained using the equations 17 considering the 

intercept or using the intercept equal to zero, respectively. 

 

Tab. 9. Model calibration (Eq. 17 and data set LI U EX). 

Sol. 1 Using FV2=P4.75/Gse4.75app 

- k1 k2 k3 k4 α of (1-

k4×FV) 

β of 

NMAS 

Error Pearson R2 ΔR2 

1.1 0.20 0.036 1.0 0.040 1.0 1.739 29.926 0.910 82.75% -0.677% 

Sol. 2 FV3=(P4.75-Pfiller)/Gse4.75 

- k1 k2 k3 k4 α of (1-

k3×FV) 

β of 

NMAS 

Error Pearson R2 ΔR2 

2.1 0.20 0.069 1.0 0.043 1.0 1.470 32.831 0.894 79.85% -3.579% 

Sol. 3 Using FV8= [(P4.75-Pfiller)/Gse4.75]+(Pfiller/Gsefiller)+(Pb/Gb) 

- k1 k2 k3 k4 α of (1-

k3×FV) 

β of 

NMAS 

Error Pearson R2 ΔR2 

3.1 0.20 0.022 1.0 0.034 1.0 1.980 30.119 0.913 83.35% -0.075% 

Sol. 4 Using FV7= (P4.75/Gse4.75app)+(Pb/Gb)  

- k1 k2 k3 k4 α of (1-

k3×FV) 

β of 

NMAS 

Error Pearson R2 ΔR2 

4.1 0.20 0.022 1.0 0.033 1.0 1.990 30.026 0.913 83.43% 0.000% 

Symbols. Sol.=Solution; ΔR2=Decrease of explained variance calculated considering the four reported solutions 

(i.e., 1.1-4.1); Grey cells=Values imposed before the iteration. 

 

 

                  (a)                                    (b)                                   (c)                                   (d) 

Figure 9. MTD observed (data set LI U EX) vs. MTD estimated through Eq. 17 (cf. Tab. 4). 
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                  (a)                                    (b)                                   (c)                                   (d) 

Figure 10. MTD observed (data set LI U EX) vs. MTD estimated through Eq. 17 (cf. Tab. 4) with the 

intercept=0. 

 

Note that negative values (i.e., with no physical meaning) were obtained using the Eq. 17, when 

considering Eq. 17 without forcing α.  

 

Tab. 10. Model calibration (Eq. 18 and data set LI). 

Sol. 1 Using FV2=P4.75/Gse4.75app 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

1.1 -2.206 22.628 -0.121 0.575 14.51 0.933 87.14% 0.0% 

1.2 0.000 14.130 0.262 1.152 15.557 0.929 86.24% -0.9% 

1.3 0.000 0.002 3.396 1.009 40.045 0.857 73.46% -13.7% 

1.4 0.200 9.105 0.478 1.266 16.010 0.927 85.87% -1.3% 

1.5 0.200 0.002 3.472 1.152 32.808 0.869 75.45% -11.7% 

Sol. 2 FV3=(P4.75-Pfiller)/Gse4.75 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

2.1 -4.764 17.923 -0.086 0.332 15.599 0.928 86.18% 0.0% 

2.2 0.000 7.797 0.336 1.047 17.467 0.920 84.55% -1.6% 

2.3 0.000 0.002 3.348 1.028 39.529 0.862 74.35% -11.8% 

2.4 0.200 3.976 0.624 1.146 17.870 0.918 84.21% -2.0% 

2.5 0.200 0.002 3.416 1.174 32.082 0.874 76.34% -9.8% 

Sol. 3 Using FV8= [(P4.75-Pfiller)/Gse4.75]+(Pfiller/Gse_filler)+(Pb/Gb) 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

3.1 0.167 54.196 0.553 1.791 15.160 0.930 86.57% 0.0% 

3.2 0.000 74.197 0.323 1.643 15.222 0.930 86.51% -0.1% 
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3.3 0.000 0.002 3.958 1.417 43.275 0.849 72.04% -14.5% 

3.4 0.200 50.533 0.605 1.825 15.164 0.930 86.56% 0.0% 

3.5 0.200 0.002 4.119 1.625 35.354 0.861 74.12% -12.5% 

Sol. 4 Using FV7= (P4.75/Gse4.75app)+(Pb/Gb)  

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

4.1 0.165 56.392 0.545 1.796 15.113 0.931 86.61% 0.0% 

4.2 0.000 76.283 0.320 1.648 15.176 0.930 86.55% -0.1% 

4.3 0.000 0.002 3.956 1.413 43.273 0.849 72.00% -14.6% 

4.4 0.200 52.437 0.599 1.831 15.117 0.931 86.60% 0.0% 

4.5 0.200 0.002 4.117 1.620 35.373 0.861 74.07% -12.5% 

Symbols. See Tab. 9. 

 

Tab. 11. Model calibration (Eq. 18 and data set EX). 

Sol. 1 Using FV2=P4.75/Gse4.75app 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

1.1 -0.986 0.347 0.771 0.016 2.16 0.426 18.14% 0.0% 

1.2 0.000 0.004 2.445 0.024 2.205 0.409 16.73% -1.4% 

1.3 0.000 0.002 2.717 -0.066 2.207 0.407 16.58% -1.6% 

1.4 0.200 0.0001 4.257 0.062 2.252 0.389 15.15% -3.0% 

1.5 0.200 0.002 3.275 0.455 2.257 0.387 15.01% -3.1% 

Sol. 2 FV3=(P4.75-Pfiller)/Gse4.75 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

2.1 -0.830 0.138 1.040 -0.078 2.162 0.427 18.25% 0.0% 

2.2 0.000 0.005 2.384 0.042 2.208 0.408 16.61% -1.6% 

2.3 0.000 0.002 2.661 -0.104 2.201 0.412 16.96% -1.3% 

2.4 0.200 0.00001 4.962 -0.260 2.248 0.392 15.38% -2.9% 

2.5 0.200 0.002 2.115 -0.248 2.387 0.418 17.45% -0.8% 

Sol. 3 Using FV8= [(P4.75-Pfiller)/Gse4.75]+(Pfiller/Gsefiller)+(Pb/Gb) 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

3.1 -0.990 0.099 1.068 -0.186 2.125 0.443 19.63% 0.0% 

3.2 0.000 0.013 2.088 0.126 2.229 0.399 15.96% -3.7% 

3.3 0.000 0.002 2.528 -0.169 2.187 0.423 17.89% -1.7% 

3.4 0.200 0.000001 5.436 -0.730 2.213 0.415 17.21% -2.4% 

3.5 0.200 0.002 1.433 -0.597 2.512 0.348 12.14% -7.5% 

Sol. 4 Using FV7= (P4.75/Gse4.75app)+(Pb/Gb)  

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

4.1 -0.993 0.103 1.058 -0.182 2.127 0.442 19.56% 0.0% 

4.2 0.000 0.012 2.121 0.128 2.228 0.399 15.95% -3.6% 

4.3 0.000 0.002 2.532 -0.167 2.188 0.422 17.84% -1.7% 

4.4 0.200 0.0000002 5.777 -0.832 2.211 0.413 17.08% -2.5% 

4.5 0.200 0.002 1.732 -0.429 2.436 0.431 18.59% -1.0% 

Symbols. See Tab. 9. 
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Tab. 12. Model calibration (Eq. 18 and data set LI U EX). 

Sol. 1 Using FV2=P4.75/Gse4.75app 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

1.1 -0.440 15.893 0.961 0.134 17.978 0.937 87.86% 0.000% 

1.2 0.000 8.777 1.158 0.442 18.260 0.936 87.68% -0.182% 

1.3 0.000 0.002 0.951 3.356 49.826 0.878 77.17% -10.683% 

1.4 0.200 4.792 1.284 0.728 18.854 0.934 87.32% -0.542% 

1.5 0.200 0.002 1.122 3.450 37.197 0.889 79.00% -8.858% 

Sol. 2 FV3=(P4.75-Pfiller)/Gse4.75 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

2.1 -0.392 8.901 0.890 0.233 20.099 0.930 86.43% 0.000% 

2.2 0.000 4.368 1.051 0.554 20.274 0.929 86.31% -0.114% 

2.3 0.000 0.002 0.969 3.310 49.349 0.882 77.81% -8.617% 

2.4 0.200 2.086 1.167 0.876 20.701 0.928 86.05% -0.379% 

2.5 0.200 0.002 1.142 3.396 36.490 0.892 79.64% -6.784% 

Sol. 3 Using FV8= [(P4.75-Pfiller)/Gse4.75]+(Pfiller/Gsefiller)+(Pb/Gb) 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

3.1 0.180 34.023 1.819 0.749 17.908 0.938 87.90% 0.000% 

3.2 0.000 50.894 1.642 0.462 18.137 0.937 87.76% -0.142% 

3.3 0.000 0.002 1.345 3.893 53.934 0.872 76.07% -11.834% 

3.4 0.200 32.057 1.843 0.790 17.912 0.938 87.90% -0.002% 

3.5 0.200 0.002 1.589 4.087 40.135 0.883 77.90% -10.004% 

Sol. 4 Using FV7= (P4.75/Gse4.75app)+(Pb/Gb)  

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

4.1 0.178 35.006 1.821 0.742 17.856 0.938 87.94% 0.000% 

4.2 0.000 52.538 1.647 0.457 18.079 0.937 87.80% -0.139% 

4.3 0.000 0.002 1.341 3.891 53.925 0.872 76.04% -11.896% 

4.4 0.200 32.945 1.846 0.785 17.861 0.938 87.94% -0.003% 

4.5 0.200 0.002 1.584 4.085 40.150 0.882 77.87% -10.068% 

Symbols. See Tab. 9. 

 

Among all the solutions of Eq. 18 reported in the table above, the solutions 1.4, 2.4, 3.4, and 4.4 were 

used to derive the following figures (i.e., Figs. 11 and 12), which show the accuracy of the proposed 

model (R2 ≈ 0.88). 
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                  (a)                                    (b)                                   (c)                                   (d) 

Figure 11. MTD observed (data set LI U EX) vs. MTD estimated through Eq. 18 (cf. 1.4, 2.4, 3.4, and 

4.4 in Tab. 12). 

 

 

                  (a)                                    (b)                                   (c)                                   (d) 

Figure 12. MTD observed (data set LI U EX) vs. MTD estimated through Eq. 18 (cf. 1.4, 2.4, 3.4, and 

4.4 in Tab. 12) with the intercept=0. 

Overall, for calibration, it is observed that:  

• When the Eq. 18  was applied on LI (cf. Tab. 10), R2 ranged between 84.2% and 86.6%.  

• When the Eq. 18  was applied on EX (cf. Tab. 11), R2 ranged between 15.1% and 17.2%. 

• When the Eq. 18 was applied on LI U EX (cf. Tab. 12), R2 ranged between 86.1% and 87.9%. 
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5.1 Model validation 

A. Data set of validation: EX 

Tables 13 and 14 report the results of the model validation (Eq. 18). In Tab. 13, the coefficients (k1, 

k2, β, and γ) calibrated for LI are used together with the four most efficient FVi (i.e., FV2, FV3, F8, 

and FV7) to estimate MTD of the data set EX. 

 

Tab. 13. Model validation (Eq. 18) and data set EX calibrated for LI. 

Sol. 1 Using FV2=P4.75/Gse4.75app 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

1.1 -2.206 22.628 -0.121 0.575 5.069 0.334 11.19% -2.25% 

1.2 0.000 14.130 0.262 1.152 3.254 0.350 12.22% -1.22% 

1.3 0.000 0.002 3.396 1.009 9.891 0.367 13.44% 0.00% 

1.4 0.200 9.105 0.478 1.266 3.444 0.352 12.37% -1.06% 

1.5 0.200 0.002 3.472 1.152 4.412 0.361 13.05% -0.39% 

Sol. 2 FV3=(P4.75-Pfiller)/Gse4.75 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

2.1 -4.764 17.923 -0.086 0.332 11.737 0.285 8.10% -4.01% 

2.2 0.000 7.797 0.336 1.047 3.543 0.315 9.91% -2.20% 

2.3 0.000 0.002 3.348 1.028 9.931 0.348 12.11% 0.00% 

2.4 0.200 3.976 0.624 1.146 3.419 0.322 10.35% -1.76% 

2.5 0.200 0.002 3.416 1.174 4.431 0.342 11.68% -0.43% 

Sol. 3 Using FV8= [(P4.75-Pfiller)/Gse4.75]+(Pfiller/Gsefiller)+(Pb/Gb) 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

3.1 0.167 54.196 0.553 1.791 2.978 0.229 5.25% -3.51% 

3.2 0.000 74.197 0.323 1.643 3.148 0.225 5.06% -3.70% 

3.3 0.000 0.002 3.958 1.417 10.738 0.296 8.76% 0.00% 

3.4 0.200 50.533 0.605 1.825 2.988 0.230 5.28% -3.48% 

3.5 0.200 0.002 4.119 1.625 4.795 0.284 8.07% -0.69% 

Sol. 4 Using FV7= (P4.75/Gse4.75app)+(Pb/Gb)  

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

4.1 0.165 56.392 0.545 1.796 5.047 0.204 4.18% -4.66% 

4.2 0.000 76.283 0.320 1.648 3.129 0.227 5.14% -3.70% 

4.3 0.000 0.002 3.956 1.413 10.731 0.297 8.84% 0.00% 

4.4 0.200 52.437 0.599 1.831 2.982 0.231 5.35% -3.48% 

4.5 0.200 0.002 4.117 1.620 4.792 0.285 8.15% -0.69% 

Symbols. See Tab. 9. 
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B. Data set of validation: RE (1st trial) 

In Tab. 14, the coefficients k1, k2, β, and γ calibrated through the data set LI are used to estimate the 

values of MTD of the data set RE. In this case MTDob were obtained through the equation (cf. 

Fig. 13): 

 
2.0min += MTDMTDob . (29) 

When the Eq. 18 calibrated for the data set LI was applied on the data set EX (cf. Tab. 13), R-square 

ranged between 5.3% and 12.4%. 

Tab. 14. Model validation (Eq. 18) and data set RE calibrated for LI. 

Sol. 1 Using FV2=P4.75/Gse4.75app 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

1.1 -2.206 22.628 -0.121 0.575 42.49 0.893 79.76% -5.0% 

1.2 0.000 14.130 0.262 1.152 40.512 0.904 81.71% -3.1% 

1.3 0.000 0.002 3.396 1.009 11.071 0.909 82.71% -2.1% 

1.4 0.200 9.105 0.478 1.266 38.178 0.910 82.88% -1.9% 

1.5 0.200 0.002 3.472 1.152 10.280 0.921 84.77% 0.0% 

Sol. 2 FV3=(P4.75-Pfiller)/Gse4.75 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

2.1 -4.764 17.923 -0.086 0.332 79.640 0.884 78.22% -9.4% 

2.2 0.000 7.797 0.336 1.047 123.833 0.872 76.03% -11.6% 

2.3 0.000 0.002 3.348 1.028 33.337 0.935 87.50% -0.1% 

2.4 0.200 3.976 0.624 1.146 121.977 0.879 77.19% -10.4% 

2.5 0.200 0.002 3.416 1.174 39.079 0.936 87.58% 0.0% 

Sol. 3 Using FV8= [(P4.75-Pfiller)/Gse4.75]+(Pfiller/Gsefiller)+(Pb/Gb) 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

3.1 0.167 54.196 0.553 1.791 22.234 0.930 86.48% -0.3% 

3.2 0.000 74.197 0.323 1.643 24.130 0.922 85.04% -1.7% 

3.3 0.000 0.002 3.958 1.417 8.313 0.875 76.52% -10.3% 

3.4 0.200 50.533 0.605 1.825 21.863 0.932 86.78% 0.0% 

3.5 0.200 0.002 4.119 1.625 6.600 0.886 78.48% -8.3% 

Sol. 4 Using FV7= (P4.75/Gse4.75app)+(Pb/Gb)  

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

4.1 0.165 56.392 0.545 1.796 21.532 0.930 86.42% -0.3% 

4.2 0.000 76.283 0.320 1.648 23.362 0.922 85.00% -1.7% 

4.3 0.000 0.002 3.956 1.413 8.146 0.873 76.26% -10.5% 

4.4 0.200 52.437 0.599 1.831 21.145 0.931 86.73% 0.0% 

4.5 0.200 0.002 4.117 1.620 6.409 0.885 78.24% -8.5% 

Symbols. See Tab. 9. 
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                  (a)                                    (b)                                   (c)                                   (d) 

Figure 13. MTD observed (data set RE) vs. MTD estimated through Eq. 18 (cf. 1.4, 2.4, 3.4, and 4.4 

in Tab. 14). 

 

C. Data set of validation: RE (2nd trial) 

For validation, it may be observed that when the Eq. 18 calibrated for the data set LI was applied on 

the data set RE (cf. Tab. 14), R-square ranged between 77.2% and 86.8%. At the same time, Figure 16 

shows problems related to the MTD estimated. To this end, for the definition of the parameter MTD, 

let us suppose that the difference between the average and the minimum value depends on standard 

deviation and this latter on the expected AV. This seems reasonable because of the need for having a 

certain distance from the minimum, under the assumption of having sigma/M quite constant. Under 

these assumptions, having in mind that AV ranges from 3% to about 22% the following tentative 

formula is here used:  

 ( ) qAVmkMTD +−== 3  (30) 

where m=3/19 and q=0.2. Under these assumptions the scatter plot undergoes an increase of R-square 

as depicted in Fig. 14. Consequently, by using Eq. 30, the rows related to the parameter MTD of 

Table 1 change as reported by the following table (Tab. 15). Table 16 reports the results of the 

proposed model (Eq. 18) validated for the data set RE under the aforementioned hypothesis (Eq. 30). 

 



28 
 

Tab.  15. Reference requirement for MTD after the application of Eq. 30. 

Mix DGFCs 

Ref. CIRS [31] ANAS [32] 
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ΔMTD 0.52 0.52 0.52 0.52 0.52 0.52 0.44 0.44 0.44 0.44 0.44 0.44 0.44 

MTDmin 0.40 0.40 0.40 0.40 0.40 0.40 0.40 0.40 0.40 0.40 0.40 0.40 0.40 

MTD 0.92 0.92 0.92 0.92 0.92 0.92 0.84 0.84 0.84 0.84 0.84 0.84 0.84 

Mix OGFCs M S 

Ref. 
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[31] 
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[32] 

ANAS [32] CIRS 
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ΔMTD 2.41 3.20 3.20 1.62 0.44 -0.27 0.20 0.20 0.20 

MTDmin 0.80 1.00 0.80 0.60 0.50 0.30 0.50 0.50 0.50 

MTD 3.21 4.20 4.00 2.22 0.94 0.03 0.70 0.70 0.70 

Symbols. See Table 1. 

 

Tab. 16. Model validation (Eq.18) and data set RE (using the Eq. 30) calibrated for LI. 

Sol. 1 Using FV2=P4.75/Gse4.75app 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

1.1 -2.206 22.628 -0.121 0.575 4.56 0.957 91.58% -0.8% 

1.2 0.000 14.130 0.262 1.152 3.936 0.960 92.18% -0.2% 

1.3 0.000 0.002 3.396 1.009 15.092 0.891 79.47% -13.0% 

1.4 0.200 9.105 0.478 1.266 3.396 0.961 92.43% 0.0% 

1.5 0.200 0.002 3.472 1.152 11.258 0.902 81.43% -11.0% 

Sol. 2 FV3=(P4.75-Pfiller)/Gse4.75 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

2.1 -4.764 17.923 -0.086 0.332 18.636 0.946 89.56% 0.000% 

2.2 0.000 7.797 0.336 1.047 42.882 0.933 87.12% -2.441% 

2.3 0.000 0.002 3.348 1.028 11.119 0.928 86.04% -3.524% 

2.4 0.200 3.976 0.624 1.146 41.882 0.935 87.44% -2.128% 
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2.5 0.200 0.002 3.416 1.174 9.650 0.930 86.49% -3.075% 

Sol. 3 Using FV8= [(P4.75-Pfiller)/Gse4.75]+(Pfiller/Gsefiller)+(Pb/Gb) 

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

3.1 0.167 54.196 0.553 1.791 1.477 0.973 94.62% 0.000% 

3.2 0.000 74.197 0.323 1.643 1.387 0.973 94.62% -0.001% 

3.3 0.000 0.002 3.958 1.417 21.252 0.844 71.30% -23.316% 

3.4 0.200 50.533 0.605 1.825 1.509 0.973 94.59% -0.027% 

3.5 0.200 0.002 4.119 1.625 17.133 0.853 72.77% -21.846% 

Sol. 4 Using FV7= (P4.75/Gse4.75app)+(Pb/Gb)  

- k1 k2 β of NMAS γ of FV Error Pearson R2 ΔR2 

4.1 0.165 56.392 0.545 1.796 1.523 0.973 94.64% 0.000% 

4.2 0.000 76.283 0.320 1.648 1.406 0.973 94.64% -0.003% 

4.3 0.000 0.002 3.956 1.413 21.468 0.843 71.07% -23.565% 

4.4 0.200 52.437 0.599 1.831 1.562 0.973 94.61% -0.028% 

4.5 0.200 0.002 4.117 1.620 17.356 0.852 72.56% -22.077% 

Symbols. See Tab. 9. 

 

 

                  (a)                                    (b)                                   (c)                                   (d) 

Figure 14. MTD observed (data set RE using the Eq. 30) vs. MTD estimated through Eq. 18 (cf. 1.4, 

2.4, 3.4, and 4.4 in Tab. 16). 

In summarizing, the validation of Eq. 18 using the data set RE points out that the distance between the 

minima MTDs set up in requirements and the expected values cannot be considered constant. On the 

contrary, it depends on the type of mixture, being higher for open-graded mixtures and vice versa. 
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6. Conclusions 

The surface texture of a pavement affects a number of crucial characteristics, including rolling 

resistance, friction, noise, and hydroplaning. Technical specifications contribute to increase the 

number of constrains and variables to consider when designing a low-noise bituminous mixtures. For 

this reason, the objectives of this study were confined into the modelling and implementation of 

algorithms to predict mean texture depth (MTD) at a design stage.  

Results demonstrate that Nominal Maximum Aggregate Size (NMAS) and filling volume (FV) can 

explain up to 88% of MTD variance and that using simplified expressions for FV, such as the 

percentage passing at 4.75 mm sieve, still allows explaining high percentages of MTD variance. 

Furthermore, results demonstrate that the lower specification limits set up in technical specifications 

cannot be considered as good descriptors of the expected MTD. Indeed, they are greatly affected by a 

number of factors, including the variability of MTD for open-graded mixtures. Another point that 

emerges from the analyses is that for low-NMAS mixtures the impact of FV appears less important, 

while the impact of NMAS seems to be still important. 

Further research is here needed because these types of mixtures are more and more used and tools are 

needed to better predict their MTD at the design stage. Results can benefit both researchers and 

practitioners.      
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