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ABSTRACT 

The purpose of this paper is to demonstrate a technique to utilize underground mine drift profile data for estimating 

absolute roughness of an underground mine drift in order to implement the Darcy-Weisbach equation for mine 

ventilation calculations. This technique could provide mine ventilation engineers with more accurate information 

upon which they might base their ventilation systems designs. This paper presents preliminary work suggesting that 

it is possible to estimate the absolute roughness of drift-like tunnels by analyzing profile data (e.g., collected using a 

scanning laser rangefinder). The absolute roughness is then used to estimate the friction factor employed in the 

Darcy-Weisbach equation. The presented technique is based on an analysis of the spectral characteristics of profile 

ranges. Simulations based on real mine data are provided to illustrate the potential viability of this method.  It is 

shown that mining drift roughness profiles appear similar to Gaussian profiles. 
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1 INTRODUCTION 

In some respects, mine ventilation has remained relatively unchanged since 1935 with the publication of 

“Engineering Factors in the Ventilation of Metal Mines” (McElroy, 1935; Hartman, Mutmansky, Ramani, & Wang, 

1997). For example, the use of the Atkinson formula for determining pressure drops remains the common approach 

for the mining industry. Other industries use a much more refined approach for determining pressure drops in fluid 

flow situations, which is the Darcy-Weisbach equation. The Atkinson approach neglects to directly take into account 

the variable properties of air, namely density and viscosity, as well as utilizing roughness coefficients that have been 

taken from experiments not necessarily analogous to the mine being designed (Prosser & Wallace, 1999). As mining 

goes deeper both of these properties will need to be taken into account (Tan, Zhang, & Wu, 2008). The Darcy-

Weisbach equation for pressure drop incorporates both the density and the viscosity of the fluid being measured. A 

drawback of this equation is that it requires knowledge about the equivalent roughness of the tunnel, which is 

currently difficult to obtain. Previous work has been conducted to produce the equivalent roughness of underground 

mines (Montecinos & Wallace Jr., 2010; Konduri, Calizaya, Mousset-Jones, Danko, & McPherson, 1993), however 

the reported methods are somewhat time consuming and have some practical limitations. 

Techniques currently exist to extract the Joint Roughness Coefficient (JRC), a coefficient used in geology 

to describe the quality of a rock (Fifer Bizjak, 2010; Mah, Samson, McKinnon, & Thibodeau, 2013). These 

techniques use stationary LiDAR systems which take extremely detailed scans, but take a long time to prepare 

(Hagedorn, 1986). This roughness coefficient is used to estimate characteristics in the rock face that are useful for 

mine geologists. Unfortunately there is no demonstrated way to use this coefficient for ventilation purposes. 

From other industries, there exist techniques for extracting the roughness of surfaces from profile data 

(Zhao, Wang, & Lu, 2001; Pais, Chow, & Mahefkey, 1992). These techniques typically focus on micro-roughness, 

although applications of larger scale roughness also exist (Wu, 1969). Based on these ideas, this paper’s initial 

attempt at extracting roughness for ventilation purposes utilizes techniques that are useable at any scale. 

Furthermore, due to recent advances in mobile platform technology, profile data of underground mines are now 

easier to collect and can be acquired in a relatively short amount of time (Artan, Marshall, & Lavigne, 2013; 

Lavigne & Marshall, 2012). Thus, data for use in roughness extraction techniques is now more easily obtained.   

This paper proposes a method for predicting the surface roughness of an underground drift by utilizing 

point cloud data. Data for this application was collected using Peck Tech Consulting’s uGPS RapidMapper™, which 

utilizes two SICK LMS111 laser scanners, among other sensors. An example of the data collected at an underground 

mine is shown in Figure 1. The extracted roughness parameters would be suitable for application to mine ventilation 

system calculations and design by using the Darcy-Weisbach equation.  Herein, and for comparison purposes, the 

background for both pressure drop-based roughness estimation techniques and the profile-based roughness 

extraction techniques are described in Section 2. The steps required to transform the profile data from its point cloud 

format into suitable profile data is also presented within Section 3. Applications to real world data in addition to 

simulated data is shown and discussed in Section 4. 

 

Figure 1. Data collected at a Northern Ontario underground hard rock mine using the uGPS RapidMapper™ - with 

increased spacing in the Y-direction 



 

 

2 BACKGROUND 

In order to understand the methods presented in this paper, this section reviews some aspects of mine ventilation 

engineering; in particular, how pressure drops in underground mines are typically estimated. This section also 

introduces some of the statistical techniques used to describe rough surfaces based on profile data. 

2.1 ESTIMATION OF FRICTIONAL LOSSES IN UNDERGROUND MINES 
The most commonly employed method for determining pressure drops in underground mines is to utilize the 

Atkinson friction factor, 𝐾. This approach is described in detail by both McElroy and Hartman (Hartman, 

Mutmansky, Ramani, & Wang, 1997; McElroy, 1935), such that 

 
∆𝑝 =  

𝐾𝑎𝑡𝑃𝑡𝐿𝑡𝑣𝑚
2

𝐴𝑡

, (1) 

where Δ𝑝 is the pressure drop (Pa) along a drift with an Atkinson friction factor (Ns2/m4) 𝐾𝑎𝑡 , over a length (m) 𝐿𝑡, 

with perimeter (m) 𝑃𝑡, and area (m2) 𝐴𝑡, at an air speed (m/s ) 𝑣𝑚. The Atkinson friction factor is an empirical 

parameter that has been estimated for various excavation and rock types through a large number of field trials 

(Prosser & Wallace, 1999). The perimeter and area of the drift are design dimensions for the drift, which typically 

differ from the actual, or as built, dimensions. This method lacks several variables that are becoming more important 

as mining goes deeper, such as both density and the viscosity of the fluid. In order to take density changes into 

account the K value can be altered, although ventilation engineers in mining typically do not take these factors into 

consideration. 

Other engineering disciplines use a different method for determining pressure drops in fluid flow (White, 

2008). This common method utilizes the Darcy-Weisbach Equation (2) in combination with a Moody diagram or a 

series of equations depending on the type of flow, where 
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where 𝐾𝑖 represents the losses in the tunnel, 𝐷ℎ is the hudraulic diameter (m), calculated using 𝐷ℎ =
4𝐴𝑡

𝑃𝑡
, where 𝑓𝑡 is 

the friction factor, and 𝜌𝑎 is the air density (kg/m2). This method involves determining the type of flow by 

calculating the Reynold's number value 

 𝑅𝑒 =
𝑣𝑚𝐷ℎ

𝜐𝑎

. (3) 

 

Depending on the value of Reynold's number, the flow will either be laminar, turbulent, or in a transition between 

the two. The Reynold's number equation takes into consideration the kinematic viscosity 𝜐𝑎, size of the drift, and 

speed of the fluid being analyzed to accurately determine the flow type. In addition, the kinematic viscosity takes 

into account the density, such that 

 𝜐𝑎 =
𝜇𝑎

𝜌𝑎

, (4) 

where 𝜇𝑎 represents the absolute viscosity of air (Pa·s). From the type of flow, the friction factor can be determined 

by using a Moody diagram or a series of equations. Without the use of the Moody diagram a series of iterations are 

required, although with the use of computer software this becomes relatively straightforward. In order to use the 

Moody diagram the relative roughness 

 𝜖𝑡 =
𝑒𝑡

𝐷ℎ

 (5) 

 

is necessary. This requires knowledge of the absolute roughness of the surface 𝑒𝑡, in which the fluid is flowing. 

Absolute roughness refers to the distance between the highest and lowest point of a surface’s profile. This parameter 

is often well known when using manufactured materials. However, because mines are constructed in natural and 

often complex environments, the absolute roughness of specific excavations are unknown and currently require 

time-consuming pressure drop measurements (Montecinos & Wallace Jr., 2010). However, techniques do exist to 

determine the roughness parameters of surface profiles, and by determining a way to apply those techniques to 

mining drifts it may be possible to improve the efficiency of ventilation systems. 



 

 

 

2.2 ANALYSIS OF ROUGH SURFACES 
In order to describe a random rough surface, several different parameters might be computed. These parameters all 

have different uses (as described below) and are summarized in detail in the text Characterisation of Amorphous 

and Crystalline Rough Surface (Zhao, Wang, & Lu, 2001). This section briefly summarizes the following important 

parameters:  

 average surface height, (6) 

 RMS (root mean square) roughness, (7) 

 skewness, (8) 

 kurtosis, (9) 

 auto-correlation function, (10) 

 height-height correlation function, (11) and; 

 power spectrum. 

The average surface height (< ℎ >𝑁) is the arithmetic average of surface heights 

 

< ℎ >𝑁=
1

𝑁
∑ ℎ𝑖

𝑁

𝑖=1

, (6) 

where ℎ𝑖 is the surface height at the 𝑖th digitized position and 𝑁 is the number of points used to describe the surface. 

RMS roughness (< 𝜔 >𝑁) is determined by (7), and represents the fluctuations of surface heights around an 

average surface height, analogous to the standard deviation. The RMS roughness is the parameter that most likely 

will correspond to the absolute roughness; namely, 
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𝑁
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Skewness (< 𝛾3 >𝑁) and Kurtosis (< 𝛾4 >𝑁) are descriptions of the probability density function of the roughness 

values, which can be computed by 
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1
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1
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Further statistics are the auto-correlation function (< 𝑅(𝑚𝑑) >𝑁), height-height correlation function 

(< 𝐻(𝑚𝑑) >𝑁) and the power spectrum. The correlation functions are calculated using equations 
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where 𝑚 is an index to determine the correlation between two points 𝑚 points apart and 𝑑 is the distance between 

the discrete points in the digitized data. For the work presented in this paper, functions created in MATLAB for (10) 

and (11) increase 𝑚 from 1. However, values of 𝑚 close to 𝑁 are omitted from the result, therefore the MATLAB 

script uses a maximum 𝑚 value of 0.8𝑁. Both the auto-correlation and height-height functions affect the scattering 

density distribution, which is useful for refraction analysis, and are shown here to demonstrate the similarities 



 

 

between this mine data and an ideal Gaussian surface. The auto-correlation function typically degrades to zero 

exponentially and the height-height correlation function for a Gaussian distribution is shown in Figure 2. The power 

spectrum can be determined by taking the Fourier transform of the height profile or the auto-correlation function. It 

can also be referred to as the characteristic function, which is unique to each height distribution.  The power 

spectrum is calculated, but not presented in this paper. 

 

Figure 2. Ideal Gaussian distribution height-height correlation function for comparison with the produced results; after 

Zhao, Wang & Lu (2001). 

3 ESTIMATION OF ABSOLUTE ROUGHNESS OF SIMULATED 

MINE DRIFTS 

In order to apply these techniques to drift profiles, the data must be transformed into a format that is consistent with 

the statistical techniques presented in Section 2.2. The first step of the process is to unwrap the profile data. After the 

data has been converted into this new space, the equations (presented in Section 2.2) are applied with the power 

spectrum, histogram and correlation plots as the output. This paper first presents the use of simulated data to verify 

the effectiveness of the algorithms used to estimate roughness. 

3.1 CREATING SIMULATED DATA 
The simulated data presented here was created by applying a zero-mean Gaussian distribution to a drift with a 

smooth surface to create a line map, which was then passed into a laser scanner simulator. Each side of the tunnel 

consisted of 21 points, which resulted in a suitable amount of data points collected in addition to appearing 

sufficiently similar to real mine drift data. Several iterations of each size and standard deviation were created to 

ensure the steps described in Section 3.2 give expected and reasonable results. A sample of the variation is shown in 

Figure 4. The steps to generate these profiles are: 

1. Input the size of the drift in addition to the desired standard deviation. 

2. Create an arc consisting of 21 points starting in the top right corner moving to the top left, with a base 

radius of the distance from the centre of the floor to the corner. Add Gaussian noise in the radius as the 

points are created. 

3. Draw the left wall, floor, and right wall using 21 points each. Add Gaussian noise in the horizontal 

direction for the walls at each point and vertically for the floor. 



 

 

4. Import the data into a ray-tracing application to simulate scanning the profile with a laser similar to the one 

used for collecting real world data, shown in Figure 3. 

5. Convert the data from a series of range measurements into a point cloud. 

 

Figure 3. Snapshot of the simulator used after taking 3 scans of the 5 m × 5 m drift with random zero-mean Gaussian 

noise with standard deviation of 10 cm. 

 
(a) 

 
(b) 

 
(c) 

Figure 4. Simulated data of a 5 m × 5 m drift with random zero-mean Gaussian noise with standard deviation of 0 cm (a), 

10 cm (b), and 20 cm (c). 

3.2 ROUGHNESS STATISTICS 
After the simulated laser scans were taken, the points were transformed into a space suitable for application of the 

techniques presented in Section 2.2. In order to make the algorithm as robust as possible, the point of scanning needs 

to be translated from the scanning location to the centre of the drift, denoted by the stars in Figure 4. The employed 

method uses the average of the points to determine this, although an occupancy grid approach may also result in an 

accurate solution. After the centre points are found for each scan, the distance from the centre to each point is found, 

in addition to the related angle. One issue discovered during early analysis was the presence of a low frequency 

signal within the profile data that comes from the shape of the drift itself. One approach to removing this effect is to 



 

 

treat it as low frequency noise, and thus a moving window average is subtracted from each point. The results shown 

in this paper have a window of 31 points. The moving of the sampling location changes the density of the points, the 

newly transformed data is linearly interpolated after being unwrapped and averaged in order to have consistent 

sampling. The statistics described in Section 2.2 are then applied with the results shown in Figure 5. 

 
(a) (b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
(g) 

 
(h) 

 
(i) 

 
(j) 

 
(k) 

 
(l) 

Figure 5. The unwrapped data (a-c) for the profiles shown in Figure 4 in addition to the histogram (d-f), auto-correlation 

functions (g-i), and height-height correlation functions (j-l). 

3.3 DISCUSSION 
The results from the simulated testing align with those to be expected from a Gaussian rough surface. Each of the 

histograms of the “rough” data shows that the results of the statistical analysis are similar to those that would be 

seen from a Gaussian distribution. By comparing the exponential decay described in Section 2.2 and Figure 2 for the 



 

 

auto-correlation and height-height correlation plots, respectively, the shapes of the correlation functions appear 

similar to the ideal functions and are also similar to those shown in Zhao’s text (Zhao, Wang, & Lu, 2001). The 

RMS roughness found from the data is typically lower than the expected value. This is expected due to the nature of 

the scanning potentially missing the peaks of the profile. In summary, these results confirm that the extracted 

parameters should be suitable for estimating roughness based on real world profile data. 

4 APPLICATION TO REAL MINE DATA 

The approach discussed in Section 3.2 was applied to data collected using Peck Tech Consulting’s uGPS 

RapidMapper™ in a Northern Ontario underground hard rock mine, utilizing a vertically-mounted 2D SICK 

LMS111 laser scanner with an angular sweep of 270 degrees, a resolution of 0.5 degrees and 1 sigma statistical error 

of 12 mm in the range (SICK AG, 2009). A portion of the data is shown in Figure 1. The interpolation step of the 

unwrapping phase resulted in a flattening of the ventilation tubing and the gap in the centre being replaced with a 

flat section. The data shown here does not yet have any ventilation data (i.e., pressure drop data) to which it might 

be compared, but the results show that the initial assumption that the underground drifts appear similar to Gaussian 

rough surfaces is a fair assumption. The results found for the RMS roughness lie within the expected roughness 

values for a drift, 0.093 m, within 0.013 to 0.675 m found from ventilation surveys (Montecinos & Wallace Jr., 

2010). Due to the similarities between the simulated and the real world data it is reasonable to assume that this 

approach can be used to extract roughness from mining drifts for ventilation purposes. 
 

 
(a) 

 
(b) 

  

 
(c) 

 
(d) 

Figure 6. The unwrapped profile (a), histogram (b), auto-correlation function (c) and the height-height correlation 

function (d) from data collected using the RapidMapper™ shown in Figure 1 



 

 

5 CONCLUSIONS 

This paper presents preliminary work towards extracting roughness information suitable for ventilation design use 

from profile data.  Simulation results indicate that the proposed technique is consistent with the expected outcome 

from similar techniques applied in other industries.  Real data from a Northern Ontario mine is also consistent with a 

Gaussian surface profile, further justifying the application of these techniques for ventilation parameter extraction.  

The next step is to calibrate the system using real mine ventilation data (i.e., measured pressure drops) in order to 

further process these roughness statistics into suitable roughness values for use in, for example, commercial 

ventilation systems design software. 
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