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Abstract. Roughness is a dynamic property of the gravel road surface that 
affects safety, ride comfort as well as vehicle tyre life and maintenance 
costs. A rapid survey of gravel road condition is fundamental for an ef-
fective maintenance planning and definition of the intervention priorities.
Different non-contact techniques such as laser scanning, ultrasonic sensors 
and photogrammetry have recently been proposed to reconstruct three-di-
mensional topography of road surface and allow extraction of roughness 
metrics. The application of Microsoft Kinect™ depth camera is proposed 
and discussed here for collection of 3D data sets from gravel roads, to 
be implemented in order to allow quantification of surface roughness.
The objectives are to: i) verify the applicability of the Kinect sensor for char-
acterization of different forest roads, ii) identify the appropriateness and po-
tential of different roughness parameters and iii) analyse the correlation with 
vibrations recoded by 3-axis accelerometers installed on different vehicles.
The test took advantage of the implementation of the Kinect depth camera 
for surface roughness determination of 4 different forest gravel roads and 
one well-maintained asphalt road as reference. Different vehicles (mountain 
bike, off-road motorcycle, ATV vehicle, 4WD car and compact crossover) 
were included in the experiment in order to verify the vibration intensity 
when travelling on different road surface conditions. Correlations between 
the extracted roughness parameters and vibration levels of the tested vehicles 
were then verified. Coefficients of determination of between 0.76 and 0.97 
were detected between average surface roughness and standard deviation 
of relative accelerations, with higher values in the case of lighter vehicles.
Keywords low traffic volume road, surface roughness, vibrations, RGB-
depth camera
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Introduction

Forest roads are a fundamental requisite to 
connect woodlands with primary roads (Laschi 
et al. 2016). As a consequence, the role of a 
forest road network in providing access for 
harvesting operations is well recognized, but 
also for wildlife and fish habitats management, 
fire control, search and rescue operations and 
recreational activities (Akay & Sessions 2004).
 Traffic volumes, traffic speed and surfacing 
gravel properties and thicknesses are the main 
variables influencing the deterioration rates of 
gravelled forest roads (Grigolato et al. 2013, 
Huntington & Ksaibati 2007) as well climate 
change and modification of the rain intensity 
(Aursand & Horvli 2009, Kalantari & Fol-
keson 2013).
 Despite their importance, the maintenance 
of forest roads is often overlooked (Pellegrini 
et al. 2013). In particular, road surface mainte-
nance is often neglected, with the consequent 
rapid degradation of the base course by for-
mation of potholes, surface ruts or corruga-
tions (Mills et al. 2007) and increment of the 
sediment production (Reid & Dunne 1984, 
Thompson et al. 2010).
 A good gravel road maintenance level is also 
fundamental in areas with a strong propensity 
towards nature-based tourism and recreational 
activities (Sitzia et al. 2016) as well for rapid 
search and rescue responses by ground trans-
portation such as 4WD vehicles or All-Terrain 
Vehicles (ATV) (Ciesa et al. 2014, Lischke et 
al. 2001).
 As a consequence, also due to the increasing 
tourism in forests, there is a need to periodical-
ly assess the surface quality of the forest road 
network.
 Annual visual assessments are used to iden-
tify and prioritize periodic interventions to 
maintain the forest road network. However, 
these are costly and time consuming (Van der 
Gryp & van Zyl 2007). For this reason, in the 
last years, several technologies and methods 
have been explored and proposed for a rapid 

survey of the surface condition of gravel roads. 
These approaches have mainly been based on 
distance measurement, vibration measure-
ments, thermal cameras and ground penetrat-
ing radar (Romano et al. 2017) 
 A variety of instruments are currently avail-
able for the imaging of relatively large areas 
(Dugarsuren & Lin 2016, Romans et al. 2017, 
Torresan et al. 2016, Talbot et al. 2017); with 
specific reference to stretches of road surfaces, 
two main approaches are widely recognised: 
two-dimensional and three-dimensional char-
acterizations.
 Two-dimensional imaging (Chambon & 
Moliard 2011) takes advantage of low-cost 
CCD or CMOS based cameras in order to col-
lect RGB or multispectral images (Dubbini et 
al. 2017) allowing dense acquisitions (down to 
the millimetre) with relatively large fields of 
view (up to some square metres) and with high 
scan rates (tens of frames per second) that al-
lows high scanning speeds (up to 20-30 m/s). 
However, images are often not sufficiently 
well contrasted, with a poor information con-
tent, and robust algorithms are needed to de-
tect, segment and quantify surface features.
 Three-dimensional imaging (Mathavan 
2015) encompasses different technologies, 
mainly ascribable to laser triangulation (Ciga-
da et al. 2010), laser time of flight (Sanda 
& Jucan 2013) and digital photogrammetry 
(Tiong et al. 2012). Such systems increase the 
information content: indeed, the reconstruc-
tion of local surface texture elevation is useful 
to better localize, isolate and measure surface 
features such as potholes, cracks, patches, etc. 
However, 3D instruments are more expensive, 
produce heavy point clouds that limit scan 
rates and are sensitive to noise and vibrations 
that may reduce the 3D reconstruction quality. 
In this paper implementation of the new Mi-
crosoft Kinect™ RGB-depth sensor is intro-
duced and discussed. Due to its high reso-
lution, fast scan rate and low cost (less than 
100 €), this technology is gaining attention in 
many fields, such as agriculture (Marinello et 
al. 2015), speleology (Hämmerle et al. 2014) 
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or automotive (Sadale et al. 2013).
 The objective of the work is to verify the: 
(i) performances of the 3D Kinect depth im-
age sensor to support quantification of surface 
roughness of different gravel roads, (ii) appro-
priateness and potential of different derivable 
roughness parameters and (iii) correlation be-
tween the derived roughness parameters and 
the vibrations recorded by 3-axis accelerome-
ters installed on different vehicles.

Materials and methods

Experiment description

The experimental sites were located in the 
Leogra Valley in north-eastern Italy. Specifi-
cally, one well-maintained asphalt road, four 
unpaved roads were identified and selected 
according to the following conditions: (i) ho-
mogeneity in terms of road surface roughness 
and slope for at least 100 m, (ii) straightness or 
presence of curves with radii higher than 120 
m, (iii) local slope lower than 3% and average 
road slope lower than 5%, (iv) accessibility to 
4 wheeled vehicles.
 The asphalt road was selected as reference, 
while the unpaved roads were: three unpaved 
roads with an surface improved by gravel and 
aggregate (gravel roads) and one unpaved road 
formed by compacted natural soil (dirt road).
In order to have a high representation of grav-
el surfaces, the gravel roads were identified 
on the basis of different gravel size (preva-
lent gravel size <15 mm – fine gravel; preva-
lent gravel size between 15-45 mm – medium 
gravel; prevalent gravel size >45 mm – large 

gravel).

Depth sensing camera technology

Road surfaces were analysed using a Kinect 
depth camera: this instrument is based on the 
implementation of an infrared (IR) projector 
that shines an IR speckle pattern onto the road 
surface. Light back-reflected from the road in-
terface is revealed by an IR sensor and com-
parison with the initial pattern is used to create 
a disparity map that then allow three-dimen-
sional reconstruction of the surface. 
 Due to its technology and pixel resolution, 
the main performances of the Kinect sensor are 
influenced by the distance of the instrument 
from the target surface, as shown in Table 1. 
During tests the instrument was positioned at 
an average height of 1 m above the mean road 
plane, this being the ideal trade-off between 
measuring range and resolution (sufficiently 
high to allow characterization of different road 
features).
 All of the roads were analysed in ten differ-
ent transects spaced 10 m apart. In each tran-
sect, three different positions were identified 
(one in the centre and two on the sides) and 
scanned by the Kinect sensor, for a total of 30 
measurements. 

Calibration and parameters

The Kinect sensor was implemented to allow 
3D characterization of road interfaces. Col-
lected depth scans were filtered in order to re-
move installation slope from 3D data sets and 
then processed in order to estimate quantita-
tive roughness parameters. Specifically, over 

 

Distance 
(mm)

Lateral range 
(mm)

Lateral resolution 
(mm)

Vertical resolution 
(mm)

800 625×470 0.95×0.95 1.6
1000 730×550 1.15×1.15 2.0
1200 833×630 1.30×1.30 2.4
1400 935×710 1.45×1.45 2.9

Sensor scanning performanceTable 1 
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30 different parameters were selected and test-
ed, as defined by international standard ISO 
25178-2 (2012). The aim of the study was to 
identify those parameters that have a higher 
discriminative potential. To this end, for each 
parameter Sx the average variability VSx was 
computed as follows: 

(1)

where σ indicates the standard deviations of 
the 5 analyzed roads, and Δ indicates the max-
imum difference between the Sx values of the 
same roads. Parameters Sx exhibiting the low-
est VSx values were selected and analyzed, also 
in comparison with vehicle vibrations. The fol-
lowing parameters were then considered: Sa, 
Sq, Spk, Sk and Svk. 
 Assuming that Kinect provides a x-y-z cloud 
of points, each representing the local vertical 
elevation z in a given road position identified 
by x, y horizontal coordinates, Sa is the ar-
ithmetical mean of absolute deviations of the 
ordinate values from the mean plane, within a 
definition area A, and is defined by (2): 

 (2)

calculated after mean plane subtraction.
 Similarly, Sq is the root mean square value 
of the deviations of the ordinate values from 
the mean plane, and is defined by (3):

 (3)

Spk, Sk and Svk are three-dimensional strat-
ified parameters, estimated on the basis of 
the bearing area ratio curve. Sk is a parame-
ter associated to the core roughness of the 3D 
surface, where the load is mainly distributed 
by passing vehicles. Spk is the reduced peak 
height, representing the height distribution 
over the core roughness; Svk is the reduced 
valley depth quantifying depth variations un-
der the core roughness. 
 Roughness parameters were estimated after 

filtering, performed through removal of the 
second degree best fitting polynomial curve: 
this post processing operation had the scope of 
minimizing the influence of instrument instal-
lation slope and road curvatures on final analy-
ses.
 In order to evaluate the discriminative po-
tential of roughness parameters, the collected 
parameter values estimated in the 30 different 
positions for each road were statistically com-
pared through an analysis of variance (ANO-
VA) by the test F at a significance level of p 
<0.01, while the means were compared by a 
post hoc Tukey’s test at 5% probability of er-
ror. 

Vehicles and vibrations

Five different vehicles were chosen to cover 
the range of models typically driven on forest 
roads. To this end a mountain bike, an off-road 
motorcycle, an all-terrain vehicle, a four-wheel 
drive car and a compact crossover were includ-
ed in the experiment: their speed was set to 18 
km h-1 (5 m s-1), which is considered to be an 
acceptable speed for common transportation 
means on different forest road conditions. 
The main characteristics of the vehicles are re-
ported in the table below. In order to monitor 
and study the effects of different road surfaces 
on vehicle stability, the intensity of vibrations 
was monitored by means of two accelerome-
ters MSR 165 (MSR Electronics Gmbh), po-
sitioned as described in the following Table 
2. The devices contain high resolution 3-axis 
acceleration sensors with a working range 
as high as ±200 g; they are small and light 
enough (~69 grams) to be mounted on the ve-
hicles without interfering with their dynamics. 
The logger was configured to start acquiring 
data at a 100 Hz sampling rate, during a 20 s 
travel duration. Each experiment-travel with 
each vehicle for each road was repeated ten 
times on the same road sections with the same 
driver, in order to exclude or minimize vari-
ability arising from different driver weights 
and postures. 
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 Once data acquisition was completed, the 
logger was attached to a PC via USB interface 
to allow data extraction for further analysis. 
Vibrations were quantified as the root mean 
square of the oscillations in terms of relative 
accelerations, as reported in equation (4):

 (4)

where N is about 2000 and represents the total 
number of points collected in the 20 s travel 
duration, g = 9.81 m s-² is the standard gravity 
acceleration and ax,i, ay,i and az,i are the acceler-
ations measured in the three coordinate axes (x 
parallel, y transversal and z perpendicular with 
respect to road direction). 
 Root mean square (RMS) was then correlat-
ed to different roughness parameters through a 
linear regression. Coefficient of determination 
R² and slope m were concurrently quantified: 
the first as an indicator of the predictive power 
of the model, and the second to estimate the 
sensitivity of RMS to roughness parameters 
variations. 

Results

Roughness analysis 

Before starting roughness analysis, the Kinect 
sensor underwent a preliminary calibration op-

eration, performed on reference hemispherical 
surfaces placed on a flat surface (see Figure 1a 
and 1b) with an average roughness Sa < 0.20 
mm, as described in (Marinello et al. 2015). 
The instrument was then applied to charac-
terize 5 roads as discussed in previous sec-
tions, as for instance shown in Figure 1c-1l. 
Measurements were taken immediately before 
vehicle transits. On the fine gravel road test 
measurements were also repeated after vehicle 
transits and it was verified that the traffic in 
the proposed tests was sufficiently low not to 
modify road average roughness. 
 All roads underwent roughness analyses: the 
main results are reported in Table 3. It can be 
noted that in all cases the asphalt road exhibits 
the lowest roughness values and, conversely, 
the large gravel roads the highest ones. Stones 
present in the large gravel road cause an av-
erage increase of vertical elevation variations, 
which can be estimated as two-three times 
higher than on the asphalt road. The dirt road 
exhibits values for the different parameters 
that are in general comparable to the asphalt 
and fine gravel roads. Indeed, the roughness 
parameters are not influenced by interface ma-
terial but rather quantify gravel or stone sizes 
as well as unpaved terrain unevenness.
 The overall mean values of analysed rough-
ness parameters (namely Sa, Sq, Spk, Sk and 
Svk) were in all cases significantly different 
(ANOVA test: F >50, Fcrit= 2.43, p < 0.01). 

Main characteristics of the vehiclesTable 2 

Vehicle Model Weight including 
driver (kg)

Power 
(kW)

Vibration sensor 
positions

Mountain bike GT, Avalanche 90 - 1) handlebar
2) saddle

Off-road motorcycle KTM, Sx 170 24 1) handlebar
2) saddle

ATV Polaris, Sportsman 450 38 1) handlebar
2) saddle

4WD car FIAT, Panda 4x4 1040 40 1) front axle
2) rear seat

Compact crossover Subaru, Forester 1620 92 1) front axle
2) rear seat
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Furthermore, all the parameters highlighted 
discriminative potential for the asphalt road 
and the three fine, medium and large gravel 
roads. Only the dirt road had a variable be-
haviour in terms of surface roughness param-
etrization, as highlighted by the Tukey test re-
sults and expressed by the same letters in Table 
3. 

Vibrations analysis 

As stated above, this study also aimed at ana-
lysing the correlation between roughness anal-
yses and vibrations recoded by 3-axis accel-
erometers installed on different vehicles. The 
main results are reported in the graphs below 
(Figure 2). For the sake of simplicity graphical 
results are reported only with reference to the 

mean roughness Sa, while for the other rough-
ness parameters relevant values are given in 
Table 4. 
 It can be noted that there is a clear correla-
tion between road roughness and vehicle vibra-
tions: the higher the roughness due to gravel or 
stones is, the larger is the amount of vibration 
transmitted from the wheels to the different 
parts of the vehicle. The slopes of the func-
tions achieved after linear regression charac-
terize the entity of this relationship: the steep-
er the slope is, the higher is the sensitivity of 
the vehicle to the presence of irregularities on 
unpaved roads. For example, compared to an 
off-road motorcycle or an all-terrain vehicle, 
a mountain bike handlebar is four times more 
sensitive to vibrations: this can be ascribed to 
the weight of the vehicle, number and size of 

Three-dimensional Kinect reconstruction of different surfaces: a-b) reference hemispheres used 
for instrument calibration; c-d) asphalt road; e-f) dirt road; g-h) fine gravel road; i-j) medium 
gravel road and k-l) large gravel road.

Figure 1
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Road state Sa (mm) Sq (mm) Spk (mm) Sk (mm) Svk (mm)
Asphalt 1.28 (0.10)a 1.63 (0.14)a 2.12 (0.29)a 4.07 (0.29)a 1.73 (0.22)a

Dirt 1.66 (0.26)b 2.30 (0.40)b 4.19 (0.84)b 4.52 (0.57)b 2.42 (0.58)b

Fine gravel 1.65 (0.17)b 2.15 (0.24)b 3.30 (0.45)c 5.05 (0.50)c 2.08 (0.23)c

Medium gravel 2.03 (0.24)c 2.76 (0.37)c 4.94 (0.79)d 5.84 (0.52)d 2.62 (0.39)b

Large gravel 2.79 (0.55)d 3.75 (0.77)d 6.14 (1.47)e 8.15 (1.52)e 3.83 (0.82)d

Test F value 73.1 68.7 56.4 77.1 68.7

the wheels (radius and width), or shock ab-
sorbers effectiveness. Similarly, the sensitivity 
to soil roughness of the vibrations at the (rear) 
seat of the vehicles exhibits a decrease with 
the increase in weight: i.e. heavier vehicles are 
less sensitive to variations in road irregulari-
ties. Such dependencies are supported by high 
correlations in general with R² > 0.7. Slightly 
lower values were achieved only in the case 
of the off-road motorcycle: this is most proba-
bly due to the tyre profile which was relative-
ly large and could have introduced additional 
vibrations during travelling. The best results 
were in the case of the Sq roughness parame-
ter, with a coefficient of determination as high 
as R² = 0.91 on average and as high as R² = 
0.98 in the case of the ATV handlebar and R² = 
0.97 in the case of the 4WD car rear seat.
 

Discussion

At present there is a growing need for fast and 
accurate methods allowing quantitative char-
acterization of road surfaces. The approach 
proposed in the present paper, which combine 
Kinect 3D and vibrations analyses, can be a 
cost effective solution. In particular, specific 
roughness parameters such as Spk and Sk can 
properly discriminate different roads condi-
tions, providing a robust reference for moni-
toring and subsequent classification. 
 The potential advantage of the proposed 
method is the possibility to create a decision 
support model able to predict the maintenance 

requirements of low traffic roads and forest 
road networks according to different vehicles 
and the prevalent use of the network.
 Indeed, regression analyses between differ-
ent roughness parameters and vibration in-
tensities allowed definition of models which 
can be used in two different ways. Firstly, the 
roughness of a road surface can be estimated 
on the basis of vibration intensities recorded 
by vehicles during travel. Therefore, vehicles 
equipped with proper accelerometers and driv-
en on forest roads can be used as on the go 
platforms for the characterization of the con-
dition of stretches of road surfaces, road ride 
comfort as well road durability (Nitsche et al. 
2014). This is useful for identification of crit-
ical areas and for providing effective decision 
support for short and medium maintenance 
scheduling (Forslöf & Jones 2015). Second-
ly the knowledge of the roughness of specific 
roads can be implemented to help prediction 
of vibration intensities on different vehicles. 
Since induced vibrations are connected to sev-
eral safety issues for the drivers and for the ve-
hicles themselves, the availability of roughness 
data can allow an a priori definition of driving 
conditions (for instance in terms of maximum 
speed) and of access time (for instance in term 
of average speed and the consequent average 
time to travel one distance unit as suggested by 
Ciesa et al. 2014).
 In this work, it should be noted how acquired 
data are evidently affected by high variability: 
this is something which is very typical of vi-
bration studies as well as roughness analyses 

Main roughness parameters and statistical analyses results for the five analysed roads. Values in 
brackets indicate standard deviations on 30 samples. Same letters do not have statistically signifi-
cant difference with a 5% probability in a Tukey test. 

Table 3 
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Root mean square relative vibrations reported as a function of average 
roughness Sa for different positions in different vehicles: a-b) mountain 
bike, c-d) off-road motorcycle, e-f) all-terrain vehicle, g-h) four-wheel 
drive car and i-j) compact crossover. 

Figure 2

Vehicle Position Sa
m - R²

Sq
m - R²

Spk
m - R²

Ssk
m - R²

Svk
m - R²

Mountain 
bike

handlebar 0.644-0.881 0.472-0.916 0.252-0.969 0.216-0.779 0.461-0.880
saddle 0.676-0.943 0.491-0.963 0.252-0.941 0.230-0.862 0.491-0.970

Off-road 
motorcycle

handlebar 0.226-0.908 0.163-0.911 0.081-0.843 0.078-0.859 0.163-0.917
saddle 0.149-0.764 0.108-0.774 0.054-0.708 0.051-0.696 0.113-0.858

ATV handlebar 0.227-0.966 0.165-0.982 0.084-0.943 0.078-0.900 0.164-0.981
saddle 0.159-0.829 0.117-0.874 0.063-0.925 0.052-0.707 0.119-0.910

4WD car front axle 0.720-0.832 0.522-0.845 0.274-0.865 0.250-0.790 0.483-0.729
rear seat 0.112-0.948 0.081-0.974 0.043-0.989 0.038-0.866 0.079-0.932

Compact 
crossover

front axle 0.588-0.914 0.422-0.911 0.213-0.862 0.208-0.900 0.398-0.816
rear seat 0.099-0.896 0.072-0.919 0.037-0.901 0.034-0.823 0.072-0.923

Correlation analyses between different positions of different vehicles RMS vibrations and soil 
roughness parameters; in each column m indicates the slope and R² the coefficient of determination 
after linear regression. 

Table 4 
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(Abulizi et al. 2016). However, the authors be-
lieve this does not limit the proposed analysis 
approach in a substantial way. Indeed, on the 
one hand accelerometers can collect hundreds 
of acceleration values per second, allowing a 
big data set to overcome limitations connected 
with the intrinsic variability of the measures. 
On the other, the Kinect sensor proposed for 
3D reconstruction can also provide analyses 
with a frame rate as high as 30 fps, thus again 
allowing collection of big data sets to mini-
mize the influence of road roughness variabili-
ty. 
 The fully exploitation of the method is con-
nected with the definition of regression models 
with other different vehicles, and possibly with 
different travelling speeds. As a consequence, 
further standardised tests on vehicle vibration 
and forest road surface roughness analyses are 
still indispensable to strengthen the proposed 
method and to extend it also to forest machin-
ery and different timber transport truck combi-
nations. 

Conclusions

This paper concerns application of the Micro-
soft Kinect™ to reconstruct three-dimensional 
topography of forest road surface and extract 
roughness metrics. The roughness parameters 
have then been compared to the vibration in-
tensity recorded by 3-axis accelerometers in-
stalled on different vehicles.
 The analysis highlighted a clear relationship 
between different calculated roughness param-
eters and the vibration intensities for the differ-
ent tested vehicles. Specifically, in the cases of 
roughness parameters Sa and Sq, coefficients 
of determination in general higher than 0.75 
were detected for all road conditions, support-
ing the applicability of the proposed approach 
for analyses on road conditions and relative 
effects on travelling vehicles. 
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