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Abstract 
Potash mines can be in operation for up to one hundred (100) years. Maintaining a 

stable mine roof is critical for the safety of current and future underground mine operations. 

Visual clues on side walls, combined with the historical knowledge of the ore formation in 

a particular region, provide a primary but inconclusive identification of the presence and 

distance of clay seams from the mining zone. Clay seams are a weak point of possible 

failure and as such, a buffer distance needs to be maintained between the clay seam and 

the mining roof. In addition to safety, knowledge of the position of clay seams helps in the 

efficient allocation of operational resources and limits down time, which is crucial in 

maintaining an efficient operation. This thesis is focused on developing an auto-picking 

algorithm that tracks the distance of the 414-clay-seam from an underground potash mine 

roof.  

The developed algorithm is implemented on Ground Penetrating Radar (GPR) data. 

Three main processes are required: clustering, ratio analysis and derivative (CRD). These 

processes translate the knowledge of a trained geophysicist in determining the position of 

a clay seam using GPR data into an algorithm. The developed CRD algorithm is compared 

with an interpretation of an experienced geophysicist. The test results have ninety percent 

(90%) of the data having at least 91.5% accuracy with a standard deviation of 5.5%. 

Typically, a geophysicist would need about three hours to generate a result however, the 

CRD algorithm provides near real-time results. The CRD algorithm was tested on data 

from different mines and achieved similar accuracy. In addition, it also offers tunable 

features to increase the sensitivity as desired by the user.  

Keywords: Clustering, DBSCAN, GPR, Potash mine safety, STA/DTA, CRD  
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Chapter 1 

Introduction 

 

Potash is a major constituent of fertilizers that are used to help us grow our food. 

This ore formed due to the sedimentation of old sea beds. These potash deposits are mined 

via flood mining or through conventional drilling methods. Conventional mining requires 

the presence of man and machines deep underground extracting the potash ore from the 

earth. Careful planning of mine operations is necessary in ensuring mine safety and the 

longevity of the mine operation. A very important aspect of mine safety is eliminating the 

hazard of a roof collapse. Stress relief cracks are formed when a room is mined [1]. These 

cracks are vertical bedding separation between rock layers with an unpredictable separation 

velocity [2]. With the presence of workers and equipment in the environment, this 

imminent danger requires the continuous monitoring of the roof’s thickness to the 

prominent clay seam. 

Ground Penetrating Radar (GPR) is a sensing technology seeing use in various 

industries: civil, mining, glaciology, military, forensics, archeology, utilities etc. [3, pp. 

213-269]. GPR uses electromagnetic (EM) radiation for sub-surface imaging. Accelerating 

charged particle having an oscillating frequency produces EM wave. The amplitude and 

travel time of the reflected EM wave is recorded and gives a representation of sub - surface 

objects. With this reflected signal, an inference can be made of the composition and depth 
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of layers below the surface. The EM wave moves through the surface medium and when it 

encounters an interface with a different dielectric constant, a fraction of the incident energy 

is transmitted and the remainder is reflected back to the surface. Figure 1.1[4] shows a 

typical use of GPR technology to image buried utility infrastructure. The EM wave 

frequency is chosen based on the application. At lower frequencies, the photons taking 

place in the radiation do not have enough energy to interact with the material. This makes 

low frequencies have higher penetration depth (low attenuation). Dielectric constant 

(relative permittivity) which is the property of a material that described the effect of electric 

field on it provides further understanding of the penetration depth. Factors that affect 

dielectric constant include fluid content and porosity. However a major drawback to lower 

frequency GPR is a reduction in vertical resolution (less precise measurements of the target 

object). Vertical resolution refers to object identification along the two - way travel time 

axis. Horizontal resolution focuses on lateral discrimination of object placed at the same 

depth. [3, Ch. 8, pp. 157-175] also presents information about the operation of a GPR 

sensor, and the basic processing steps required to convert the returned signal into an 

effective representation of the subsurface.  

 

Figure 1.1: Mapping of objects with GPR [4] 
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Most published auto-picking algorithms are focused on application for the detection 

and identification of unexploded ordinances (UXO). In the wake of many wars, these 

UXOs must be removed from the earth as a means of recovering valuable land. These 

algorithms identify point objects. The physical shape (parabola) of the UXO can be used 

in some of the algorithm to identify these objects [5]. GPR technology used in application 

for archaeology and glaciology have some similarity with the problem of finding clay in 

potash mines based on the fact that the focus is on identifying continuous boundary 

condition from one medium to another. Some archaeological investigations are of 

deposited artifacts which are a heterogeneous mixture due to the forces of nature and man’s 

activities. Most archaeological investigations use low frequency GPR signals for greater 

depth but less resolution. In using GPR for mine roof safety, the GPR is oriented in the 

upward direction and the target depths are shallower, so higher frequency GPR sensors are 

used. High resolution is needed for safety monitoring in potash mines, as little changes in 

the structure of the clay seam can be a potential hazard. Furthermore, in the potash mine, 

the main clay seam is being monitored to differentiate it from other clay seams (stray clays). 

There is sometimes a distinct boundary however; often there are little pockets of clay or a 

gradual change from one medium to another (figure 1.2). 
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Figure 1.2: Core sample from an underground Potash mine in Saskatchewan (picture courtesy of 

Nutrien LTD) 

 

Figure 1.2 shown above is a core sample taken from a potash mine. The “mine-

back” starts at A (that is where the GPR sensor is placed). The length of the sample is from 

point A to C. Section X represents a pocket of stray clay. Section Y shows clay mixed with 

salt. The bright pink portion under A is and B is a good representation of salt. Section Z is 

the main clay seam which is under study. 

Mine Stratigraphy and terminologies 

This section gives a brief explanation of the mine stratigraphy, define some 

terminologies and highlight the focus of what the auto-picking part of the algorithm. The 

figure 1.3 is a stratigraphy depiction of the cross sectional area of a potash mine. It shows 

the mining machine in operation too. 
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Figure 1.3: An illustration of clay seams (stratigraphy) and a potential backfall hazard created by mining 

underneath a washout anomaly [6] 

 

From the figure above, clay seams are used to mark positions in the stratigraphy. 

These clays seams are identified via a regional nomenclature numbering system as seen in 

the right hand side. The potash being extracted is within the clay 409 and 413 seam, bottom 

and top identifiers respectively. The zone between the 413 and 414 clay seam is mostly salt 

and for the structural integrity of the mining operation, the thickness of this zone must meet 

a minimum threshold as determined by the engineers and physicists. Various terminologies 

can be used to refer to the position of the 413 clay seam after the potash has been mined 

such as mine roof and salt back. It should be noted that figure 1.3 above is an illustration. 

The clay seams are not straight and the spacing between each clay seam is obtained from 

years of study, coring and regional geological knowledge. The thickness of a typical 414 

clay seam is about 8 inches and base of the 414 clay seam is located roughly 3 feet from 
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the mine roof. The GPR sensor is pressed onto the mine back in for the data acquisition 

process. More details on the mine and data would be discussed in chapter 3.  

The focus of this thesis is the development of an algorithm that consistently tracks 

the 414 clay seam position (vertical displacement) from the mine roof. The mine roof is 

taken as the zero reference point.  

Below are some definitions that will be used throughout this work. The purpose of 

this is to set a base of common understanding before going into the algorithm development. 

Time zero correction (TZC): When the EM wave is emitted from the sensor, the receiver 

will record some signal before it reaches the mine roof, (the zero point). TZC processing 

ensures that there is a uniform physical reference point for the entire received data signal. 

Ricker wave / Mexican hat wavelet: This refers to the shape of the transmitted signal 

from the GPR sensor. 

A-Scan: This is one shot of transmitted signal that is recorded by the GPR sensor receiver. 

Several A-scans can be recorded from one physical location (position). In this application, 

the data acquisition averages several A-scans and it is presented as one A-scan to reduce 

noise. 

B-scan: This is many A-scan taken along a horizontal path and presenter together in the 

form of a graph of image. It gives a cross-sectional view of the subsurface target.  

C-Scan: This is A-scan collected in the X and Y axis and represented together. It produces 

a 3D view. This is Useful for geometric analysis. 
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STA/LTA ratio: Refers to short term average (STA) divided by the long term average 

(LTA). It is not STA or LTA.  

Two way travel time (TWT): This is the time it for the signal to leave the transmitter, hit 

the target (or any other interface) and return to the receiver.  

Stray clays: These are clay seams which are not part of the main regional stratigraphy. 

There occur in between other well defined stray seams. They are shorter, from few 

centimeters to several meters. 

Distance direction: Horizontal distance refers to the mining direction, which is the y-axis 

in figure 1.3. Vertical distance refers to the direction of travel by the GPR signal, which is 

x-axis in figure 1.3. The vertical distance is used to indicate the separation distance between 

the mine roof, and the 414 clay seam while the horizontal distance indicates the amount of 

A-scans captured. 

Auto-picking: This refers to the extraction and interpretation of useful information from a 

given data set without input from a human operator.  

 

 

Figure 1.4: A pre-processed A-scan. “T” marks the TZC. The 414 clay seam is at about 190 on the x-axis 

(TWT is in ns) 
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Figure 1.5: B-scan radargram. The A-scans is rotated 90 degrees to have the TWT on the Y-axis and the 

number of A-scans on the X-axis 

 In addition to highlighting a B-scan radargram, in figure 1.5, a prominent ricker 

wave appears around the 90 ns mark (y-axis). Faded signals are seen near the 210 ns mark. 

These faded signals are the actual 414 clay seam (interpretation obtained via internal 

geophysicist reports). In between A-scans number 20 and 25, there are three possible signal 

locations. The middle one is probably from stray clay seams. This radargram presents a 

typical problem set that for untrained personnel the radargram could be difficult to 

interpret.  

While this thesis does not focus strongly on the geology of potash mines, it does 

consider the mine geology features as the signal processing algorithm is developed. The 

analysis of field-data involves various scientific fields including engineering, artificial 

intelligence, mathematics, and statistics. Working with subject experts, innovative 

algorithms can be developed for both unique and conventional problem. In addition, the 

combination of diverse techniques in the development of an algorithm can increase its 
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fidelity. The test bed for this study is three underground potash mines in Saskatchewan 

owned and operated by Nutrien Ltd. The contributions in this thesis are: 

1. A review of the state of the art of auto-picking algorithms for applications in potash 

mining. 

2. The development of a new algorithm using knowledge of the mine geology, signal 

processing and machine learning for auto-picking. 

Thesis Outline 

The remaining parts of the thesis are organized as follows:  

● Chapter 2: Literature Review on auto-picking algorithms for GPR data and 

relevance to Potash Mining 

● Chapter 3: Setup: Mines, Equipment and Data  

● Chapter 4: CRD algorithm development.  

● Chapter 5: Results and discussions.   

● Chapter 6: Conclusion and further works.  
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Chapter 2: 

Literature Review on auto-picking 

algorithms for GPR data and relevance to 

Potash Mining 

Abstract 
 

This chapter evaluates and discusses some existing literature on auto-picking 

algorithms for Ground Penetrating Radar (GPR) data. The algorithms reviewed include the 

least square fitting, phase assessment, histogram of gradients, artificial intelligence (AI) 

techniques, autoregressive modeling and hidden Markov methods. The development 

process and features used in an algorithm play a large role in how robust it is. No one single 

algorithm is efficient for all cases. Hybrid algorithms and case specific algorithms have 

also been developed. This study does not list all the auto-picking algorithms for GPR there 

are, but rather discusses algorithms creation techniques, advantages, and limitations. 

Furthermore, this chapter evaluates auto – picking algorithms for applications in potash 

mining, for mining room roof stability. The application of GPR to potash mine safety 

applications will require some modifications to the characteristics of the algorithms 

reviewed. 
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I. Introduction 

There are three types of GPR modulation schemes present: frequency, synthetic pulse and 

impulse GPR. Impulse radar is the most common [7]. Data analysis can be done using the 

A-scan, B-scan or the C-scan data set. The volume of data being handled increases with 

the scan set, from A-scan through B-scan to C-scan. The chosen data set would undergo 

one or more pre-processing to achieve the following: ensure the same reference starting 

point, remove noise and other signal distortions, and extract a set of features from which 

the auto-picking process would act on. [8] gives details of pre-processing techniques. [9] 

lists the following as steps involved in an auto detection algorithm: preprocessing, feature 

extraction, confidence assignment and decision making. Similarly, [10] provides three 

steps for auto-detecting solid target: region selection, image reduction and signature 

analysis. The human visual system can pick out continuous patterns and regions of similar 

texture. This can be subjective and require subject matter expertise. It is also highly 

inefficient (time wise) when analyzing a large data set.  

  The work by [11] lays a foundation for the use of complex trace analysis in 

interpreting seismic data. Seismic and GPR data have some similarities and as such, some 

processing techniques can be applied in both cases [12]. The recorded amplitude and other 

attributes can be used in auto-picking algorithms. Some of these attributes are: 

instantaneous phase, reflection strength, weighted average frequency, instantaneous 

frequency and apparent polarity [11]. In addition, other features can be derived from the 

raw input (A, B or C – scan). These features are processed with different methods. [13] 

lists three processing categories as: (1) singularity expansion methods wavelet transforms 

(2) image processing (3) pattern recognition neural networks.  
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  Application of image processing uses pattern recognition methods like Viola-Jones, 

Hough transform and Haar-like feature [14][15][16]. With GPR being an Ultra-Wide 

Bandwidth (UWB) signal, it is very susceptible to noise. Signal processing using wavelet 

transform and Fourier transform aid algorithms in removing noisy and other unwanted 

signals from the received data [17][18][19][20][21][22]. Artificial intelligence tool can be 

used to model and classify datasets. These techniques have been used on GPR datasets 

[23][24][25]. Two big disadvantages of AI are over fitting and large computational time. 

With increase in faster computers’ processors, computational time is a reducing concern. 

However, expert knowledge on different AI techniques is needed to properly train and 

implement them. AI methods that have been used include; NN, Support Vector Machines 

(SVM), fuzzy-logic, decision trees and genetic algorithms [26][27][28][29][30][31]. These 

methods help in decision making to classify outputs. Another useful concept for algorithm 

development is correlation. When a model is known, iterative comparisons can be used to 

identify ricker waves or it can be used as an improvement to other techniques 

[32][33][34][35]. Hybrid algorithms are also discussed in literature. This has great 

advantages to yield more robust and accurate results.  

  Development of auto-picking algorithms for GPR data has caught the interest of 

scientists from diverse disciplines including computer science, physics, mathematics, and 

engineering. This has fostered the involvement of people who do not belong to a given 

application specialty. So, while it is beneficial to have a different view in solving a problem, 

lack of proper understanding of the problem domain can limit confidence in the application 

of developed algorithms. It is therefore essential that in this process, the brilliance of 
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subject matter experts is combined with the accuracy of modern methods to produce 

reliable and implementable auto-picking algorithms.  

  The rest of this chapter has: section II, which highlights some existing auto – 

picking algorithms; Section III which discusses observation from the listed auto – picking 

algorithm; and Section IV that relates the relevance of the discussed algorithms to 

application in Potash mines. 

II. Existing auto-picking GPR algorithms 

A. Auto-picking and Phase Assessment by Attribute Analysis [36] 

  The behavior of the signal gives information about the GPR reflection by 

considering the reflection strength A(t), and the phase attribute derived from the complex 

trace a(t). A Discrete Hilbert Transform (DHT) is applied to the real GPR data to generate 

the quadrature trace (imaginary trace: A’(t)). The combination of the GPR data (real signal), 

and the quadrature trace makes up the complex trace from which we can derive the cosine 

of the phase θ(t). 

                                 𝐴(𝑡) = 𝑆(𝑡)𝑐𝑜𝑠 [𝜃(𝑡)]                                 (2.1)  

                                 𝐴′(𝑡) = 𝑆(𝑡)𝑠𝑖𝑛 [𝜃(𝑡)]                                (2.2)  

where S(t) is the time-varying modulus. 

  Horizon picking is performed by taking the phase information and identifying the 

peak and troughs as well as the zero-crossing between the phases. A threshold is then set 

to filter out the noise in the phases and the rest are automatically connected to form 

horizons. When two adjacent traces show the same polarity and close travel times, they are 

considered as being part of the same horizon. To determine the position of each picked 
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horizon in a GPR reflection, a phase assessment is carried out by analyzing the cosine phase 

of each selected horizon. The averaged cosine trace (ACT) is used to reconstruct the 

reflected wavelet. Two conditions, however, must be met by the ACT while it iteratively 

investigates each A-scan in the selected horizon:  1), the absolute value of the peak central 

phase must achieve a base edge and 2), the present and past wavelets when cross-correlated 

are expected to attain a predefined edge.  

  Some of the limitations of this algorithm include the effect low that the signal to 

noise ratio (SNR) can have in the picking of a horizon. In addition, interference causes 

phases from unrelated events to be picked with a horizon. Thresholding and polarity 

assessment algorithm are therefore needed at post processing to limit the number of 

horizons picked. 

B. Histogram of Oriented Gradients (HOG) for Landmine detection [37] 

  HOG features of GPR data can differentiate between noise and landmine. In the 

same vein, extensive modeling of the statistical properties of an object is needed to 

categorically place an object in a class. HOG Feature descriptors are extracted from the 

image and used for the classification of GPR data. The magnitude distribution and gradient 

angle are features that represent the image. Equation 2.3 is the gradient filters for image 𝐼. 

The gradient images are represented in equation 2.4 with the magnitude for each pixel in 

equation 2.5 and the gradient angle in equation 2.6.  The features generated are sensitive 

from pixel to pixel, but an aggregation over a region increases the robustness 

                     ℎ𝑥 = [−1,0,1] 𝑎𝑛𝑑 ℎ𝑦  =  [−1,0,1]𝑇                   (2.3) 

                          𝑔𝑥 = 𝐼 ∗ ℎ𝑥 𝑎𝑛𝑑 𝑔𝑦 = 𝐼 ∗ ℎ𝑦                              (2.4)  

                        𝐺(𝑖, 𝑗)  =  √𝑔𝑥(𝑖, 𝑗)2 + 𝑔𝑦(𝑖, 𝑗)2                          (2.5)  
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                      𝜃(𝑖, 𝑗)  =  𝑡𝑎𝑛−1(𝑔𝑥(𝑖, 𝑗) / 𝑔𝑦(𝑖, 𝑗))                            (2.6)  

where i,j are the 2D coordinates of the GPR data represented as an image. 

Comparing HOG algorithm with other algorithms: with the Hidden Markov Model 

(HMM) algorithm [38] and with the Feature based Rules, Order Statistics and Adaptive 

Whitening (FROSAW) algorithm [39] as a pre-screener, HOG outperforms both. However, 

the HOG data was cross trained on a data set while Edge Histogram Detector (EHD) [40] 

and HMM where not retrained. Modifying the EHD algorithm using the same parameters 

as HOG classifier gives similar result. This means that the preprocessing steps that were 

used are robust. Using HOG features as a pre-screener is worse than FROSAW because it 

has not been tuned properly. When used together, the performance is better. 

In summary, for classification, HOG features were used with random forest or HOG 

pre-screener with partial least squares discriminant analysis (PLS-DA). Pre-processing 

steps are important for performance.  

C. Neural Network and Hough transform for solid target feature detection and 

classification [10] 

The recorded time series is analyzed using the discrete wavelet transform to detect 

the reflected wavelets. The analyzed signals are clustered into supervised neural network 

and unsupervised neural network for classification and feature detection. In an effort to 

reduce computation time, the Hough transform is used to detect ellipse and hyperbola in 

the given data. Offline processing is done to remove ground bounce, drift and background, 

and for gain amendment.  
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Back propagation neural networks and time-recurrence strategies are utilized to 

distinguish parts of the radargram relating to target reflections of different buried solid 

targets.  

Three stages are involved in this: 

● Region selection: The aim is to get an area with a high probability of having a target 

present. Frequency based features are preferred for analysis over time based 

features. This can be done in several ways: neural network pattern recognition, 

short-time Fourier transform, and the wavelet transform.  

● Image reduction: Reduce the image size for computational reasons.  

● Signature analysis: Use hyperbola fitting, edge detection and Hough transforms for 

pattern recognition of the target. 

Other steps such as synthetic aperture focusing techniques and image scaling are then 

applied to reconstruct the image and get physical dimensions of the subsurface structure. 

D. GPR Signal Characterization for Automated Landmine and UXO Detection 

Based on Machine Learning (ML) Techniques [41] 

  Two algorithms are compared here: Neural networks and Logistic regression. The 

outputs are probability values between 0 (safe region) and 1 (target present). Two central 

frequencies are used, 1 GHz and 2.3GHz. The algorithms use the A-scan (amplitude trace 

signal) as input instead of the 3D radargram (more calculations to get the output decision). 

The pre-processing steps done prior to implementing the algorithm are: time zero 

correction (TZC), dewow, gain filtering, and background subtraction. 

The process can be summarized as follows: 
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● Traces are strongly correlated in time and space with the nearest trace, therefore use a 

sliding window of traces (they used 15 traces) 

● Each amplitude point is an input (15 * 292 or 500) = 4380 or 7500 input features (292 

inputs for 1 GHz and 500 for 2.3 GHz) 

● Set a threshold for amplitude minimum and maximum being used as inputs. 

● Polarization can also be an input (depending on application) 

● Training set 60% (needed to prevent skewing of data), validation set 20%, test set 20%. 

● Preprocessing step used: (1st) background removal to eliminate noise, (2nd) histogram 

equalization for contrast enhancement. Both steps increased the SNR by about 9 dB. 

● Make a tradeoff between more computationally intensive pre-processing OR more 

complex training (since this is done offline), in order to ensure real time application. 

● Must normalize all features to have convergence. 

● Apply the chosen algorithm.  

● Logistic regression gives output from 0 to 1; hence the need to choose a threshold; the 

lower the threshold, the more false alarms is possible. 

With blurry input, error in logistic regression increases, but the neural network 

accuracy stays the same. The accuracy of ML system depends on the quality of the training 

set, although the system can keep on learning by itself. This experiment was only trained 

with one type of soil, so it is possible that a different type of soil would get different results 

with this same ML algorithm. From their results, logistic regression has an accuracy of 

57% and 65% for 1GHz and 2.3GHz respectively, while Neural Networks achieved an 

accuracy of 89% and 92% for the 1GHz and 2.3GHz respectively. 
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E. Detection and Classification of Landmines using Autoregressive (AR) Modeling 

of GPR Data [42] 

Below is the detection process using the AR modeling of an A-scan: 

● Have a database of coefficients for AR models of mines. 

● Get the AR coefficient of the measured GPR time signal. A stepwise least square 

approach was used in obtaining the AR model coefficient. The Matlab package 

called ARFIT can do it. Models with higher order give a better signal representation 

but are computationally intensive. The iterative Itakura - Saito (IS) distance method 

is used to calculate the required order for GPR time signals. 

● Calculate the statistical distance between the two AR coefficients by using the IS 

distortion measurement. The smaller the IS distance, the higher the similarity 

between the models. 

● Set a threshold on the statistical distance for detection. 

  Simulation was done with gprMax [43], using 900 MHz frequency. The time 

window is 10 ns and the antenna is 5 cm above the ground. They achieved 80% 

classification. The Algorithm is sensitive between AR model in database and AR model 

from real data (because of no losses and inhomogeneities in the simulated medium). Also, 

one needs to know the target’s relative permittivity and conductivity to model it. 
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F. Others 

 This subsection is a summary of special cases looking at algorithms in related fields 

such as seismic data, effect of algorithms fusion and specific shape focused algorithm 

developments. 

 [44] work on a review of arrival time picking method for micro seismic data focuses 

on downhole seismic data interpretation. Although GPR is different from seismic data, both 

are vibroseis type data and some processing steps are applicable to both sides. This work 

also gives suggestion on how to choose window parameters. 

 

Figure 2.1: Comparisons of seven fusion methods when six discrimination algorithms (EHD, HMM, Spect 

(uses energy density spectrum), NUKE(pre-screener), Geom (geometric features) and TFCM (texture 

feature classification method)) are combined [5] 

   

  The work done by [45], highlights the benefit of fusing various algorithms together. 

Eight detection algorithms are compared. When tested individually, there is no single 

consistent best performer as the soil conditions and other factors such as, type of landmine 

and depth change (fig 2.2). With fusion, there is a good chance of improved performance. 

However there can be deteriorating performance based on the fusion method if the negative 

part of each algorithm is amplified during the fusion process. When fusing algorithms, the 
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fusion technique and the characteristics of the individual algorithms are two key factors in 

determining robustness of the final output. 

 

Figure 2.2: Performance of the eight detectors on: (a) Site A only; and (b) Site B only  [5] 

           [5], developed a real time hyperbola detection algorithm in GPR data. It introduces 

a novel C3 clustering algorithm as part of its process, using a machine learnt model. It is 

compared with other hyperbola detections: Viola - Jones and Hough transform detector. 

The proposed method outperforms the others. 

III. Discussion and Observations about Reviewed Algorithms 

  Data with high SNRs produce better results. Well designed and tested antennas 

should be used because equipment quality has an impact on the result. Appropriate pre-

processing techniques can be used to improve the data quality [8] and highlight the critical 

features of the object under investigation in the data. However, pre-processing steps do add 

to the computational burden. The advancement of increasing computational power makes 

processing burden less of an issue in algorithm development.  

  At the onset, the decision on what dimension of data to use has to be made in terms 

of A–scan, B–scan or C–scan. That informs the choice of any other process. A single signal 
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(A–scan) might be distorted without a clear indication of the target, but the overall form of 

the target may still be observable in a bigger data window (B–scan). Having the right 

window size (moving or fixed), which analyzes a large data is important in eliminating 

noise and maintaining continuity of the target’s profile.  

  It has also been observed that some of the algorithms require the development of 

models and a training system [41][42]. These developments can require a different type of 

expertise. Most models are developed with test data and it is important to carefully choose 

training data sets to include all the desired characteristics. The use of models requires a 

prior knowledge of target under investigation. This approach can lead to some noise 

immunity because they are a set expectation (within a range) of what the algorithm is 

looking for in GPR data. 

  Thresholds and other parameters that are chosen at various stages of some 

algorithm, need to be selected using trial and error or by performing an analysis of training 

data [44]. Developed algorithms have suggestions for picking parameters. If these 

parameters are not appropriately selected, it can negatively impact the results. The 

anticipated SNR level should also be considered when choosing the parameters. A 

probability output as used in [41] may be more useful so that a human operator can evaluate 

the appropriate response based on other environmental issues and situational factors. 

  In some applications, algorithms are chosen based on the characteristic features of 

the target (e.g., parabolic shape of landmine) [5]. Processing techniques like the Hough 

transform are suitable for discovering parametric target but are not so well suited for non-

parametric targets.  
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  With greater computational processing available, array based systems for data 

collection can be easily deployed. Objects are in 3D and as such, a 3D imaging system is 

better than a 1D system for object detection. With this, different algorithms that work in 

3D are needed [46][47]. There are popular seismic data collection schemes such as: 

Common Mid-point (CMP), Common Offset (CO). Other information like velocity 

analysis can be calculated depending on the survey type. Array based GPR systems open 

up new areas of knowledge investigations [48]. The spacing between acquisitions also does 

affect the resolution of the object being imaged [49].   

  Finally, it should be noted that algorithm fidelity is very important. A decision has 

to be made between the amount of false negative to false positive and an acceptable level 

of accuracy for practical purposes / applicability. This is case dependent and should be 

carefully discussed with stakeholders. Setting up a quality control mechanism either as part 

of the algorithm or as an external feature is necessary even as the science community 

continually seeks to develop trust with the society and users of science and technology 

products. 
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TABLE 2.1:  

COMPARISON OF SELECTED AUTO PICKING ALGORITHMS. 

 

 Applications Advantages Limitation 

A 1.Seismic data  

2. Road 

inspection, 

Glacier 

monitoring 

1. Independent of the interpreter. 

2. It is interactive as performance can 

be evaluated periodically 

3.Works well without  limited 

amplitude recovery 

1. Interference or low 

signal to noise ratio can 

affect result. 

2.  It is sensitive to vertical 

resolution. 

B Landmine 

detection  

1. Implemented in real time 

2.Computationally inexpensive and 

efficient   

3.It makes up for EHD limitations 

(manual target localization, special-

purpose classification) 

1. It can be slow to analyze 

every pixel in a GPR data 

depending on the type of 

classification used (random 

forest). 

C Solid Target 

detection  

Liquid Target 

detection 

 

 1. Approaches used have been 

integrated together to give a more 

accurate result. 

2. It’s flexible, robust, accurate and has 

noise-immunity.  

1. Significant 

computational time due to 

the continuous information 

 

D GPR Data  

 

1. The Hybrid of the techniques gives 

a significant improvement in the 

detection performance. 

1. Each ML technique has 

its own strength and 

weakness. 

2. Computation time can be 

affected when the 

techniques are used as 

hybrid. 

E Landmine, 

gprMax 

simulated data 

Shows the comparison between a 

training set (real data) and measured 

data. 

1. Sensitive to disparities 

between real data and 

simulated data. 

2. The algorithm can’t be 

implemented real time. 
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IV. Relevance to Potash mine roof safety 

Some Potash mines in Saskatchewan have GPR systems that have been installed on 

boring machines to image clay-seams in the roof above mining rooms [6]. The operator of 

the boring machine sees the real-time display of the GPR radargram, which includes the 

output of an auto-picking algorithm applied to the GPR data. The current auto-picking 

algorithm in use at the mine site was modified from an ice layer GPR auto-picking 

algorithm. Using this displayed information, the operator monitors the mining roof and 

makes a decision on proceeding with mining activity, providing rock-bolts for roof support 

or even to abandon the mining room if excessive thinning of the salt layer in the roof is 

observed.  

For this system which has been in place for several years, there is a desire to 

improve the auto-picking algorithm. The ultimate goal is to develop better methods to 

reliably track the position of the clay seam thereby avoiding potentially dangerous 

conditions. The operational conditions in the potash mine have to be considered when 

creating algorithms to ensure the algorithm is accurate, interactive, robust, efficient and as 

real-time as possible. Additionally, the algorithm would be implemented on the existing 

computer present on the mine borer. This poses a restriction of computation space. 

  To develop an auto-picking algorithm, a possible approach is to apply the HOG 

[37] algorithm at each pixel of a B-scan to obtain the magnitude and phase information. 

The choice of a classifier for the detected features would determine how the real-time 

potential of the system. HOG is a computer vision based system and smoothed local signal 

energy metric was used for localization in [37]. Similarly, applying the same energy 

principle to finding clay seams in potash mines is feasible. The reflection at an interface 
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can then be identified. However there are a couple concerns. First, with one or more layers 

of stray clay present, the number of false positives increases. Secondly, since HOG works 

on 2-d datasets, additional processing would be needed to join relevant 2-d sub sets to track 

a continuous layer of clay seam. A different algorithm option would be to implement 

instantaneous amplitude and lateral phase continuity, the presence of chucks of stray clay 

and varying dielectric constants of salts, clay, and potash pose a challenge. A significant 

post pick processing would be required to reduce the number of horizon discovered. 

A third strategy would be to implement a machine learning (ML) algorithm. ML 

tries to mimic the way a trained operator evaluates data. The methods used by [41], focused 

on detecting a landmine and indicating its horizontal location. ML methods can also be 

developed to mark the vertical displacement between stray clays from the mine roof. 

Drawing from its use in seismic processing, the TWT of an interface can be output. [50] 

used unsupervised ML to cluster and classify time sample data. The ML investigated 

process had a significant improvement over the noise prone STA/LTA algorithm. [51] 

implemented a neural network system that is efficient in low SNR situations. Obtaining the 

right training data is then a challenge. The introduction of Gaussian noise to a ricker wave 

can be easily done and used for training. But creating data sets that include other forms of 

geologic (variation in clay, salt and potash dielectric constants - heterogeneous mixture) 

and cultural noise (wires, rock bolts) present in a potash mine is difficult.     

One additional approach to consider is to model the potash roof environment using 

the gprMax simulation tool [43]. Data from gprMax on a formulated series of earth models 

will be an effective way to develop, test and improve auto-picking algorithms. [52] 

highlighted current work on the interpretation of gprMax data. Homogenous soil samples 



26 

 

were used as compared to the heterogeneous nature of a potash mine. More work needs to 

be done to model a closely related environment. gprMax provides a platform to conduct 

more research with known ground truths that can then give insights to real life acquired 

data. 

In summary, potash is an important constituent of fertilizers with which we grow 

our food. The structural integrity of the mine roof is crucial to the safety of both man and 

machine present underground. The presence of stray clay jeopardizes that structural 

integrity and GPR is a non-destructive technology that can be used as a preventive 

assessment tool. This is good area for the development of auto-picking algorithm for 

implementation on acquired GPR data. Relevant seismic algorithms can be applied in this 

domain. The use of multi - layered algorithms and algorithm fusion can hold potential for 

robust results.  
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Chapter 3 

Setup: Mines, Equipment and Data 

 

In this Chapter, the mine sites in which the proposed algorithm would be used are 

examined. Two mine sites were visited - Allan and Lanigan Potash mines both in 

Saskatchewan, Canada. Data from a third mine, Cory mine, was also used. This Chapter 

also goes over the data acquisition equipment and sensor parameters. In addition to that, 

there is a list of software used for data processing and coding. The following questions are 

discussed: What is a data point? How much data is sufficient for testing and validation? 

Are features in the sample data set representative of all possible geological features that 

can be encountered? Answers to these questions are needed because only raw data are used 

in this study and the geophysicist picks are taken as the benchmark truth.  

 

I. Mines  

Allan Mine [53]: 

Mining activity at the Allan mine is done using the continuous, stress-relief mining 

method. The Allan mine has been in operation for 50 years, and has a life expectancy of 

54 more years. It is approximately 1 km underground. The current operational capacity of 

the mine is 2.6 million tonnes per year. The variant of potash present here is sylvinite - 

sylvite (KCL / potassium -salt) and halite (NACL / rock salt). Carnallite (KMgCl3.6H2O) 

is present in trace amounts. The deposits here are of the Prairie Evaporite Formation, 

particularly the Patience Lake member. Within the Patience Lake member there are two 
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zones A, B (upper and lower zones respectively). Only the A zone is currently mined at 

Allan mine. The mine has approximately 3.35 m thickness of high grade potash zone (pay 

zone) with lower grades above and below that region (pay zone). There is approximately 

14 m of salt and potash in the Dawson Bay formation layer above the A zone. Between 

1988 and 2015, 248 linear kilometers of seismic lines have been collected. During mine 

design, this data is used to identify anomalies. Clay seams which are planes of weakness 

are prevalent in both the A and B zones. In the Allan mine, three clay seams mark the top 

of the A-zone. These clay seams serve as a visual cutting positioning tool markers for the 

mining machines operators. Above these clay seams are lower grades of potash. If the 

seams are undercut, the soil above can fall off. So for safety reasons, it is better to overcut 

the top seam and dilutes the potash product than to undercut and risk falling materials. To 

undercut a clay seam means leaving the clay seam in place while mining the potash below 

it. Overcutting means cutting out the clay seam along with the potash below it. Clay and 

salt do not structurally adhere to each other so when the clay seam is left in place 

(undercutting), it tends to fall off. 

Key points to consider for the algorithm: 

● The clay seam can break off into stray clay seams. Noted from discussions with 

subject matter experts [ref] from Nutrien and Sensors and Software.  

● The vertical separating distance of the 414 clay seam from the mine roof varies. 

● It is possible to have the 414 clay seam and more than one stray clay seam in a 

vertical cross section. 

● With respect to the Allan mine, the loss of the 414 clay seam is called a washout 

● Sometimes at the mine roof, little bits of 413 clay can make the surface rough. 
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Lanigan Mine [54]: 

In the Prairie Evaporite Formation, the Belle Plaine potash member is present but 

not economical to mine. The Esterhazy member is also present but not well developed. 

Only the Patience Lake member is being mined.  Both the A and B zones are mined but 

not concurrently. This mine has also been in operation for 50 years. Zone A has a remaining 

mine life of about 33 years while zone B has 46 years left. The mine elevation is between 

940 m to 1030 m below ground. The two zones are separated by approximately 4 m to 6 m 

of. Zone A average mining interval (pay zone) is at 3.66 m thickness while that of zone B 

is 4.88 (fig 3.1). The variant of potash present here is sylvinite - sylvite (KCL / potassium 

-salt) and halite (NACL / rock salt). Carnallite (KMgCl3.6H2O) is present in small batches 

and an effort is made not to mine those areas in zone B. The annual operational capacity is 

2.0 million tonnes of concentrated KCL. So far, 621 linear (horizontal) km of 2D surface 

seismic exploration data have been acquired. Two bands of clay seams mark the top of the 

A – zone. There are also two layers of clay seams at the top of the B – zone. In the B – 

zone, the lower band is more prominent and the less prominent one is called the Shadow 

band. The cutting process (mining) includes the Shadow band. Mine roof stability is 

achieved but more salt and less Potash is mined.  
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Figure 3.1: Typical stratigraphic section correlated with composite photos covering both the A Zone and B 

Zone production intervals. [54] 

 

Key points to consider for the algorithm (different from Allan): 

● The 414 clay seam is approximately 30.5 cm thick, with about 20 cm – 25 cm of 

highly disseminated clay (with Halite) dispersed within the band and then 5 cm of 

laminated clay.  

○ Laminated clay: that is pure clay. 

○ Disseminated clay: clay mixed with salt. 

● The disseminated zone could have a linear or exponential increase of concentrated 

clay content in the mixture with salt. This variation is not known.  
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● In Lanigan, the geophysicist picks are towards the laminated clay which is above 

the disseminated clay because the laminated clay is of interest, where it is more 

likely to break off. 

● Sometimes, above the mine roof there is Potash instead of salt, so the contrast ratio 

(as seen in the GPR data) to the clay seam is different. 

● The first 5 cm to 8 cm above the mine roof is most probably noise (Shadow band 

leftovers). 

Summary of main issues across both potash mines: 

● The stray clay(s) obstructs the EM signal from the GPR sensor from getting to the 

414 clay seam. 

● The varying depth of the 414 clay seam, and the presence of a mixture of salt and 

potash results in an inconsistent contrast ratio as seen in the GPR data. The contrast 

ratio is a measure of the received GPR signal indicating a subsurface target. 

● Stray clays can occur at any vertical position. They have similar dielectric constants 

as the 414 clay seam but the 414 clay seam has to be identified. 

Difference between the 414 and stray clays: The 414 clay seam is the regional dominant 

clay seam while stray clays are other clay seams that occur intermittently between the roof 

and the 414 clays seam. 
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II. Equipment 

A. Sensor specifications and mounting 

 

Antenna:  1 GHz Noggin Gold Antenna 

Depth:   3 meters 

Velocity:  0.120 meters / nanosecond 

Stacking:  DynaQ Stacking (On Kubota: average is 9 - 13 A-scans) 

Station Interval: 0.05 meters 

The GPR sensor and software is manufactured by Sensors and Software. 

Sensor Mounting 

A: On the Kubota utility transport vehicle (UTV): The GPR system is placed on a 

specially designed arm attached to the Kubota UTV. An encoder wheel behind the machine 

measures position. The Kubota is used for collecting data from already mined rooms. 

Larger data sets (with respect to distance) can be collected. 

B: On the mining borer machine (figure 3.3): This is for data collection while mining. 

The system is automated using programmable logic controllers (PLC) on board the borer. 

The position of the GPR sensor on the borer is a factor in determining how real-time the 

results would be. Different mines place it in different positions. The closer it is to the 

cutting end, the better (with respect to real time analysis). However, there is a lot of 

vibration at that point which can make the system unstable. It cannot be placed at or behind 

the operators’ cab because at that point the operator would be underneath a potential 

unstable zone. In designing the auto-picking algorithm, an allowable delay of 1 meter is 

given before the pick is made. This means that the GPR sensor has to be at least 1 m ahead 
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of the operators’ cab so that the operator would also be aware of the structural integrity of 

the roof above at all times. 

  

 

 

Figure 3.2: Modified Kubota UTV used for GPR surveys at Nutrien mines [6]. 
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Figure 3.3 Proposed relative position of the GPR sensor (blue box) to the cab (green box) (Annotated) [6] 

B. Software 

 

Ekko project [55]: Data processing software (S/S) 

Matlab [56]: Used for coding. 

III. Data 

The GPR receiver timestamps the amplitude of the reflected EM wave. Based on 

the frequency of operation (1 GHz), the time stamp is in nanoseconds (ns). 55 ns the amount 

of data is received for each A-scan. The A – scans are stacked together, averaging several 

shots from the same position. This improves the SNR ratio of the data. The following points 

are considered when converting the recorded time to distance. First, the recorded time is 

two-way travel time (TWT). Second, the ZTC position has to be determined. This is the 

time it takes the EM signal from when it leaves the source to hitting the roof surface. [57] 

Lists various ways to determine the ZTC. A further point to clarify is the effect the distance 

between the transmitter and the receiver has on the distance (obtained from the TWT). That 

makes the TWT not a vertical distance but the hypotenuse of two right angle triangles 

(figure 3.4). The percentage difference between the hypotenuse and the vertical side 

decreases as the targeted object position is deeper. The example below uses a target 
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position of 50 cm and assumes a TX to RX separation distance of 10 cm. This is lower than 

the minimum thickness (between the 414 clay seam and the mine roof) allowed to be 

considered safe.  

 

Figure 3.4: Two way travel time of GPR signal 

 

a: Actual distance from surface to target object interface - 50cm 

b: half the distance between TX and RX of GPR sensor. 

2*c: this is the recorded time stamp on the receiver. 

Using Pythagoras theorem: 𝑐2 = 𝑏2 +  𝑎2,  

As 𝑏2 << 𝑎2, the equation can be written as 𝑐2  ≈  𝑎2 

Using the numbers above, C = 50.25 cm, a 0.5% difference from A. The difference 

decreases as “a”, the target depth is increases. So “a” can be approximated to “c”. 

The spacing between successive A-scans is a factor to consider in data acquisition. 

A small structure would need closely spaced A-scans to properly capture it. The algorithm 

development for B-scan is more involved than for the A-scan, because not only are the A-

scan characteristics needed but further analysis is done to correctly identify the targets’ 

geometry.   

  
 

 

TX RX 

50 cm c 

10 cm 

c 

a 

b 
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In summary, there are two layers of data:  

1. Time and amplitude for each point in an A – scan and  

2. The number of A-scans in a cross-section (B-scan). 

 

Data sets analyzed (distances are in the horizontal direction):  

● Data set A: 3,734 A-scans - 183m, Cory mine 

● Data set B: 28,071 A-scans - 1461.7m, Allan mine 

● Data set C: 31,206 A-scans - 1556.3m, Cory mine 

● Data set D: 20,514 A-scans - 1020m, Cory mine 

● Data set E: 10,107 A-scans: 520.5m, Lanigan mine  

● 90 small data sets obtained from the mining borer ranging from 68.4m to 1.06m 

● 5 mid - size Kubota acquired datasets. 

Total data count used to test CRD algorithm: 

● 100 different data sets 

● 3 different mines 

● 144,930 A-scans covering 6,432.61 meters (horizontal distance). 

These data sets have worked well because they have subtle but important 

differences which challenge the versatility of the proposed algorithm.  

1. The position of the 414 clay seam is different in each dataset. So having a vertical 

distance as an algorithm feature can be misleading. 

2. The slope patterns of the clay seams are different. So using a fixed parametric shape 

would not be possible. 
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3. The occurrence, position and length of the stray clays vary, but the dielectric 

constant of both stray and 414 clay seams are the same. This is important because 

it is necessary to differentiate the 414 clay seam from noise and stray clays. 

4. The SNR in each A-scan varies. Some 414 clay seams have a clearly defined ricker 

wave reflection. Others are overshadowed by the reflections from the stray clay 

seams such that the 414 clay reflection is barely present. In addition, some stray 

clay seams and 414 clay seams have the same level (amplitude and form) of ricker 

wave and the correct choice has to be made. 

5. The data set can contain bad data points as noted in the geophysicist reports. These 

are caused by rock bolts and loss of sensor contact on the mine roof. While applying 

the algorithms, those points were not removed. 

6. Although having a large continuous set of data points is great, small chunks of data 

sets are also needed. It is important for us to see how the algorithm works at the 

start and end of each data set. 

7. In some data sets the 414 clay seam crosses the threshold (minimum thickness) 

point. 

 

Conclusion 

With the amount and variety of data used to test the developed algorithm, the results 

are consistent and accurate as seen in the result section. Factors like: depth of clay, number 

of stray clays, distance (horizontal and vertical) between clays, shape, and thickness of 

clays affect how the radargram looks.  
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Chapter 4 

CRD Algorithm Development 

4.1: Data Processing - Pre-processing steps prior to the picking algorithm 

One important question to first answer is: what is the difference between the 

preprocessing and the auto-picking part of the algorithm? The auto-picking has to do with 

data interpretation and visualization while preprocessing focuses on noise removal, 

dynamic gain and signal amplification. Raw data received from the GPR sensor needs to 

undergo some transformation to make it usable for either visual interpretation or as an input 

to the algorithm. This transformation is called preprocessing. The transformation done here 

can appear to create features or eliminate features that are present in the data set. The 

amount and type of processing chosen depends on the data quality, the fidelity of the 

equipment and most importantly, characteristic of the target of interest. Below is a 

summary of what the preprocessing steps accomplish on the potash mine data set. 

1. Compensate for the EM signal exponential decay 

2. Handle noise by reducing the number of frequencies present  

3. Eliminate the ground wave. The ground wave occurs when the GPR signal hits the 

ground. That is the TZC point. 

In addition to the above, the preprocessing should optimize resources (e.g., computational 

time) and be robust or adaptable to varying geologically based variations in the data 

collection and the signal acquisition conditions 

The following factors should be noted about data preprocessing: 
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1. Order of the processing is important,  

2. Number of processing steps affects the complexity and computational time. 

3. Some processing steps can be skipped as long as the algorithm is robust enough to 

handle their effects. 

In [3, Ch. 8, pp. 157-175], the processing steps are divided it into two portions, 

basic (the data is mostly intact) and advanced processing steps (the data is transformed and 

biased towards the users’ preference). Some basic processes are: dewow and time-gain 

compensation. Advanced methods include: background removal, FK filtering and 

deconvolution. Based on the knowledge of data acquisition scenario (refer to chapter 3), 

the following processes are used. 

1. Background removal (filtering in the x-axis, i.e., across A-scans) 

2. Time gain: The decay of an EM wave is exponential in nature; therefore a spherical 

and exponential compensation (SEC) gain function is used for compensation. 

3. Dewow: This removes low frequency trend and DC bias from the data. 

4. Time zero - correction: In the interpretation stage, having a true reference pointing 

to the start of the transmitted wave is important in ensuring proper depth 

representation.  

5. Bandpass filter: This is an advanced preprocessing step. When a given frequency 

is emitted, other frequencies are also included. The bandfilter isolates a designed 

number of frequencies around the transmitted frequency and reduces noise. 

 

  In [58, Sec 2, pp 19 - 57] gives an overview of numerous processes that can be used 

to pre-process raw GPR data. This Chapter examines the processes identified above [58, 
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Sec 2, pp 19 - 57] and analyzes their compatibility with a newly proposed auto-picking 

algorithm. The average trace analysis (ATA) is the benchmark for determining the success 

of the preprocessing steps. The average frequency spectrum (AFS) is also used as a tool in 

viewing the prominence of frequencies present. It shows the performance of the bandpass 

filter. The pre-processes as implemented in Ekko Project software [55], provided by 

Sensors and Software Inc. is defined in this section. 

The ATA is a plot of the average signal amplitude in a set of GRP lines. With it, 

we see how much signal decay is present [58]. The SEC gain corrects for the EM decay. 

The slope of the ATA depends of the transmission medium. With this plot, it is possible to 

estimate how much gain is required. After an appropriate correction, the A – scan should 

be flat. A sub-surface change in medium interface will cause a reduction in signal strength 

and this should not be compensated for. Another observation from the ATA plot is that 

when there is noise near the edge of the GPR signal, the plot may start going up and this 

could mean that the gain is too high. This may be indicative of some unknown conditions 

as well.  

An experiment is conducted to determine the versatility of the developed algorithm 

when different processes and parameters are used. 

Experimental goals 

1. Finding the most important preprocessing stage(s) needed for the GPR potash mine 

data. 

2. Estimating a range and effect of parameters for each preprocessing stage. 

Process:  

1. The same data set was used for each experiment. 
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2. Seventeen (17) combinations of processes and parameters where tested. 

3. Only four processes of those mentioned above were found to be useful: Dewow, 

time-gain correction, spatial filtering and bandpass filter. (why mention this one 

and not others) 

4. The ATA and AFS charts are used to determine top four process combination. 

All combinations are picked using the developed algorithm compared with the 

geophysicist pick. This result is discussed further in Chapter 5 (Results and Analysis). 

Note: 

● A limitation of this experiment is that stray clay, and the 414 clay seam with stray 

clay has not been considered. 

● In the ATA and AFS charts, dewow and background average subtraction options 

are turned on, so the visual representation would only be useful for bandpass 

filtering and gain compensation. However, in the result section, the data 

combinations are as designed.  

● Combinations that are similar would be overlapping so they might not be clearly 

seen. 
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Figure 4.1 ‘X’ marks processes that were omitted in that combination. ‘O’ represents similar combinations 

where three processes are the same and the parameters of the fourth one changed [Bandpass filter: fc1,fc2-- 

fc3,fc4][SEC2: atn dbm, start gain, end gain]. 

 

The combinations formulated above are not an exhaustive list of possibilities. Three 

values of dewow were used, from a pulse width of 1.33 to 450 (combination E). 

Background subtraction is very important so it is used in almost all sets. However, 

combination ‘D’ compares situations where no other processing is used and different kinds 

of spatial filtering are applied. The parameters for the bandpass filter are fixed. 

Combination ‘H’ compares the effect of having a bandpass filter. In combination ‘A’, only 

the SEC2 gain parameters are varied for analysis.  
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Figure 4.2: Top: AFS plot. Bottom ATA plot 

 

 

Observation from the ATA and AFS charts 

1. Data 9, 10, 11: all have one type of spatial filtering as the only pre-processing. They 

all follow Data - 17, which is the unprocessed data. 

2. Data 1, 2, 3, 4, 15, 16: These have the flat line characteristics indicative of a proper 

gain correction. The common characteristic is that the end gain is at most 250 db. 
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Data 1, 2 and 16 are the very best (Spatial, bandpass filtering and SEC2 gain 

processes applied). 

3. Data 14: Needs more gain. It has an end of 50 db. Data 12, 5, 6 and 8 are over - 

gained (increasing order). 

4. Observation from AFS chart: Data 1, 2,12,13,14 and 15 have the bandpass filter 

applied. 

Conclusion 

Combining both charts: Data 1, 2 and 15 are the best when using the ATA and AFS 

charts to determine the best pre-processing techniques to use. Spatial filtering, bandpass 

filtering and SEC2 gain are the most important factors in this case. The developed CRD 

algorithm is still applied to all the combinations to verify the robustness of the algorithm 

with different pre-processing. 

 

4.2: CRD auto-picking architecture overview: reduce, cluster, assume / shape 

forming 

Auto-picking is the machine equivalent of human interpretation of GPR data. Auto-

picking algorithms use computer processing to identify a feature(s) of interest. The auto 

part especially refers to the fact that human input is not required in the geological feature 

detection. Specifically, a particular characteristic of the detected feature is the output of the 

auto-picker. In this case, the distance of the 414 clay seam from the mining roof is of 

interest (and not the thickness of the 414 clay seam). 

Data interpretation can only be as good as the data acquisition process. Possible 

sources of error in the data collection include: 
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1. Wire lines of the antenna 

2. Lack of proper seal between the antenna and the mine roof: The mining machine 

cuts a relatively smooth roof surfaces. However, little pockets of clay or other rocks 

that stick out can affect the seal. There could also be a physical gap due to a 

mechanical issue with the antenna arm not applying sufficient force to maintain a 

proper seal. 

Although the precise interaction of  all the transmission mediums, in terms of 

dielectric constants, are not known, a general understanding of the acquisition 

characteristics is a good starting point. (Refer to chapter 3 summary of the mine data for 

the feature characteristics.) In addition, the gradient of slope of the 414 clay seam is 

generally not known. However, from discussions with geologists, sharp discontinuities in 

the clay seams are not expected. It should be noted that it is useful to have a general 

understanding  of how the potash formation developed, site specific basin formation, coring 

data and discussion with practicing geologists in that region. Furthermore, with a sampling 

spacing of 5cm being used, features less than 5m in resolution may be missed. The 

following 414 clay seams patterns can be expected: solid, bifurcating, thinning and 

scattering (figure 4.3).   

The amplitude of the A-scan is the principal characteristic to monitor as an 

indication of the interface. The TWT of the start of the Mexican hat indicates the position 

of the interface. The chosen algorithm for auto-picking makes use of both A and B-scans 

segments. It optimizes computation time from the A-scan analysis but derives more insight 

from the B-scan analysis.  
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Figure 4.3: 414 clay formation patterns. A - D: solid, bifurcating, thinning, scattering 

 

Three stages for algorithm detection of the 414 clay seam using CRD algorithm: 

1. Data reduction: Reduce A-scan to regions of high probability of the presence of a 

clay interface. 

2. Cluster Analysis: to match correlating adjacent points detected in step 1. 

3. Quality control: Verify the cluster output to remove outliers and replace them using 

curve fitting methods like interpolation. 

In the design of the auto-picking algorithm, a control theory analogy is applied.  

Feedback is necessary for a closed loop system to maintain steady state. Given that the 

output is the determination of the 414 clay seam depth, the occlusion of the 414 clay seam 

can be described as noise in the system. Obstructions that degrade the GPR signal are 

mainly stray clays and lack of proper seal / air gap between the antenna and the mine roof. 

These characteristics are monitored, serving as feedback signals to the algorithm to help 

adjust the thresholds which magnifies / controls the local contrast. 
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Figure 4.4: A summary of the CRD algorithm process. 

 

4.3: Detailed CRD algorithm development 

The Clustered Ratio Derivative (CRD) algorithm finds points in the GPR signal 

reflection which represent the interface between potash and the 414 clay seam. The 

signature of this interface in the GPR data is typically a high amplitude wave which is 

generated by a reflection from the electromagnetic wave passing from one medium of 

dielectric constant to another. The characteristics of the reflection at the interface between 

the two media are a useful tool to determine the change in the dielectric constant between 

the two media. A large amplitude difference in dielectric constant is typically indicative of 

a transition from salt to the 414 clay seam. Thus the CRD algorithm attempts to determine 

the location of this high amplitude wave in the return signal. As the name suggests, the 
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CRD algorithm involves clustering, calculation of derivatives, and application of specific 

ratios. Details of the algorithm are discussed below. 

Use of absolute value for the STA/DTA A-scan ratio: 

Stray clay and the air gap before the 414 clay seam can invert the ricker wave shape 

from the 414 clay seam (moving from higher dielectric constant to a lower one and vice 

versa). So there is no need to track the orientation of the ricker wave. A disadvantage of 

that is the fact that the orientation of the ricker wave at an interface is an indication of the 

dielectric constant. However, for this application, since we are monitoring the structural 

stability of the mine roof, any foreign object within the safe zone is a point of concern.  

Start and End thresholds. 

There is either 550 or 800 sample points (depending on the maximum image depth 

setting on the receiver) generated to form an A-scan. The preprocessing stage alters the 

shape of the received waveform. Averaging with background subtraction removes the 

ground wave. This is important in estimating the ZTC point. Referring to chapter 3, data 

within the first 5 cm can be discarded for a couple of reasons: antenna vibration, improper 

contact, and the low lying chunks of clay that affects the reading. So from data observation, 

a point (located after the ZTC) is chosen as the starting point for analysis. After the GPR 

signal hits the 414 clay seam, no significant reflection is expected due to the attenuation of 

EM waves by the clay. So after 2 meters, everything received is regarded as noise.  The 

noise is random, and there can be reflections of the GPR signals arriving late (bounced 

signals between two clay seams). This end threshold is chosen using the ATA chart after 

the processing steps are applied. It is the point where the graph starts moving upwards. 
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False interfaces can appear after this region. As an added benefit, having start and end 

thresholds reduces the computational burden. 

Ringing 

Ringing is caused by an echo reverberation in the received signal [3, Ch. 8, pp. 196-

200]. For example, metal objects attenuate the transmitted EM signal. Having a significant 

air gap retains some signal and treats it as if it is unshielded, bouncing back and forth. 

Ringing creates the false appearance of several interfaces. Usually, a false local contrast 

appears on top. A common characteristic of ringing is the clipping of the received signal. 

Some ringing dies down whereas others continue. In a normal received signal, only one 

maximum point can be expected because GPR signals decays exponentially with 

propagation. With a good pre-processing stage of time gain correction, the singular 

maximum amplitude is still maintained. Therefore having multiple maximums is a 

reasonable test for the presence of ringing. When there is ringing, the start threshold is 

adjusted. This would make the STA/LTA algorithm pick the next distinct local contrast. In 

this work, the adjustment is binary, to keep it simple to implement. Other methods such as 

binning can be used to automatically assign the new starting threshold point. 

Modified Short Term Average – Long Term Average (STA/LTA) algorithm 

Calculation of the (STA/LTA) as a ratio has seen wide use in seismic data 

processing [59][60][61]. It is a good contrast measurement tool. The STA/LTA ratio is 

modified to the STA/DTA ratio, changing the long term average to a delayed (D) term 

average. This new ratio takes advantage of the fact that electromagnetic signals decay in 

amplitude as they progress through a medium. Transmission through an interface will 

additionally decrease the amplitude of the transmitted signal. This decrease in amplitude is 



50 

 

proportional to the difference in the dielectric constant between the two mediums. The 

potash and clay interface provides a significantly contrasting combination. 

The STA/LTA algorithm is critical to this work. As a local contrast determinant, it 

measures the presence of signal from a noisy data set. The premise is that given a 

characteristic waveform (i.e., a mathematical derivative of the original waveform), there is 

a statistical difference between a region of only noise and a region of noise plus signal. Its 

parameters play a very important role in differentiating between the two regions. [44] 

suggested a guideline for choosing the parameter windows - STA: 2 -3 times’ the dominant 

period, LTA: 5 - 10 times STA length. From [44], it is observed that short STA windows 

leads to a noisy output and long LTA windows smooth events. The given formula for this 

standard ratio is:   

𝑆𝑇𝐴{𝑖} =  
1

𝑛𝑠
∑  𝑖

𝑗=𝑖−𝑛𝑠   𝐶𝐹{𝑗}        (4.1) 

𝐿𝑇𝐴{𝑖} =  
1

𝑛𝑙
∑  𝑖

𝑗=𝑖−𝑛𝑙   𝐶𝐹{𝑗}                   (4.2) 

where CF is the characteristic function e.g., absolute value of the signal, ns and nl are the 

short and long windows respectively. “i” is the data point on the signal.  

  There have been several modifications to the algorithm either in the number of 

windows (nested window) or in the way the averages are calculated [62] [63]. Note that 

this algorithm has mainly been used on seismic data. Algorithms and processes from the 

seismic world can be brought into the GPR space. However, issues created by the use of 

higher frequencies make working with GPR data unique. Useful signals are only expected 

before and at the 414 clay seam interface, after that, it is noise. So, the LTA changes to 

DTA and is chosen after the STA. This also eliminates false picks where the 414 clay seam 

is broken into small segments. The modified algorithm is: 
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           𝑆𝑇𝐴 =  
1

2∗𝑁𝑠
∑  

𝑛 =𝑖+𝑁𝑠
𝑛 =𝑖−𝑁𝑠

   𝑦𝑖 , 𝑛                          (4.3) 

                              𝐷𝑇𝐴 =  
1

𝑑 
∑  

𝑛 =𝑖+(2∗𝑑)
𝑛 =𝑖+𝑑    𝑦𝑖

 
, 𝑛                            (4.4) 

                                 𝑟𝑎𝑡𝑖𝑜 =  
𝑆𝑇𝐴

𝐷𝑇𝐴
                                              (4.5) 

where:  

STA window: 1.5 times the period (this is centered on the ricker wave form) 

LTA window: 4 times the STA window, lower than the range suggested by [40] for more 

precision. 

Delay: 4 times the STA window: Amplitude of an EM is reduced after 4 periods. Also, 

clutters that occur in this time space can be excluded (fig 4.3 section B and D). The larger 

this window, the more exclusion we can have. But, it also limits the size of the A-scan that 

can be examined. Another reason to have a delay is to accommodate multiple ripples due 

to a transition region (laminated clay) that occur due to the thickness of the 414 clay seam. 

Differentiation and smoothening, peak analysis and offsets: 

The integrated approach requires building on previous steps to automatically make 

a pick. In previous STA/LTA algorithm approaches used in seismic detection, a threshold 

would be set on the value of the STA/LTA ratio [44, 60]. But the ratio itself depends on 

the value of window sizes chosen for both averages, so it becomes more complex to select 

both window sizes and a threshold to minimize false picks and capture all the true picks. 

Besides that, there can be a delay as the ratio rises before the trigger point is reached. The 

figure below sums up this issue. For the same data set, in the six scenarios given, the 

threshold of six (6) is only met two times. 
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 Figure 4.5. STA/LTA and MER response curves for different window sizes. (a) STA/LTA is computed for 

STA sizes (1, 2, 3)τdom and LTA sizes (3, 5, 10, 14, 15, 21)τdom. A dashed horizontal line is shown to 

demonstrate the changes in the STA/LTA responses. Smaller STA sizes produce meaningless fluctuations 

and can result in false picks, whereas a longer LTA window helps in boosting the response at P- and S-

wave signal Intervals. [44] 

 

One important observation in the above diagram is the sharp gradient in all six 

cases. So instead of thresholds, monitoring the gradient is a more consistent way of 

detecting the signal from the STA/LTA ratio.  

The use of derivatives as a signal processing technique comes with its challenges. 

Derivate results tend to produce high frequency noises in the output, it degrades the SNR. 

Thus smoothing is needed both before and after the differentiation to remove the high 

frequency noise. The smoothing function can introduce a time shift (in the x-axis) to the 

result.  The order of differentiation used is of importance because signals peak maximum 

and zero crossing can be easily identified. For a discrete system, it can be difficult to 

monitor the zero crossing, so the goal is to use a derivative order that highlights the point 

of interest at maxima. 
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First derivative: Slope of the signal. It uses zero - crossing to detect peak [64]. If the signal 

is taken as a compilation of line segments with different slopes, the first derivative indicates 

how many segments there are, the endpoint /start of each segment and their slope [64]. 

Second derivative: This is a measure of curvature. It uses zero-crossings to detect the point 

of the greatest slope. First peak, reveals the “knee” of the original slope. The “Knee” is 

where the slope can start to be approximated as a straight line. 

 

   

Figure 4.6: First to fourth derivative of Gaussian wave [65] 

 

From the graphs above, it can be seen that as the order of the derivative increases, 

the first peak in each derivative gives a more accurate representation of the start of the 

Gaussian graph. But the SNR decreases as the order increases, there is a tradeoff as to what 

derivative order to use. Based on the way the STA/LTA ratio graph is calculated, the peak 

of the ricker wave is the peak of the STA/LTA graph. The beginning and ending of the 

ricker wave are on the rising and falling slopes of the STA/LTA graph. Because the 
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calculation uses a moving window, the beginning and ending would not be found at the 

base of the main peak in the STA/LTA graph, instead they would be found on the slope. 

The peak of the first order derivative is located on the slope of the Gaussian graph, while 

the first positive peak of higher order derivatives move closer to the beginning of the 

Gaussian graph. As a result, the peak of the first order derivative is most suitable for 

identifying the beginning of the ricker wave, which is the interface point of the clay seam. 

The derivative of the A – scan produces a new signal. The TWT position of the highest 

amplitude is taken as the most likely position of the interface.  

In figure 4.7 below, the STA/DTA ratio is calculated on an A-scan (using the 

absolute value of the A-scan signal). From the visual inspection and verification from the 

geophysicist report, the 414 clay seam interface is at 19.8ns (note the x-axis is TWT while 

the y-axis is the signal amplitude). There are 10 sample points in 1 ns, so the interface can 

be seen on the 198 mark on the x-axis. The interface is the point just before the onset of 

the Ricker wavelet. The first derivative of the STA/DTA has a maximum peak of 199. The 

second derivative identifies the interface (198) on the zero crossing (not precisely zero 

because of discretization). In practice, the top two peaks are chosen before proceeding to 

the clustering stage. More peaks can be chosen if desired. That would increase the 

computation at the clustering stage. The second peak is also taken because sometimes, stray 

clays can overshadow the 414 clay seam in the derivative measure. Finally 550 data points 

have been reduced to only 2 data points. 

The visuals from figure 4.7 show how this method eliminates the stray clay that is 

seen around the 120 mark in the original A-scan to clearly identifying the 414 clay seam. 

The total length of an A-scan (from the data acquisition) is 550 (55 ns) but it is truncated 
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in the figure for visual effect when comparing each graph. The use of windows would not 

permit all data points in the original A-scan to be analyzed. The end condition (with respect 

to A-scan analysis) is not a problem as long as the values analyzed are within the 

determined start and end threshold values. 

 

Figure 4.7:  A-scan transformed to STA/DTA (top -right), then first derivative (bottom left) and second 

derivative (bottom right). Y-axis is amplitude, x-axis is sample point (TWT * 10). The 414 clay interface is 

at the position x = 199.  

Density-based spatial clustering of applications with noise (DBSCAN) [66] 

After the individual detection of an interface on a single A-scan, the results are 

joined in the B-scan view for more accurate interpretation. The interpretation principle is 

as follows: the higher the concentration (on the TWT axis) of A-scan picks, the higher the 

probability of an interface. It is an attempt to simulate the perception of a human expert. It 

is expected that the 414 clay seam is mostly a continuous, wavy line. So, the applied 

clustering algorithm has to be able to identify non-parametric shapes. Washouts are 
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expected and the algorithm should be flexible in identifying non-continuous regions or 

making reasonable approximations for this. 

Clustering algorithms can be classified into five categories: partition, hierarchical, 

density, grid and model based [67]. They can also be classified into four models: density, 

distribution, centroid and connectivity models [68]. Some cluster algorithms like centroid 

model and hierarchical systems need to have access to the complete data set to complete 

the classification. Others like the connectivity model framework are more suitable to doing 

their classification of new data based on already processed results. The sensitivity of 

choosing a starting point, number of passes through each data point, and number and type 

of needed parameters, also pose a challenge in choosing the right cluster algorithm to use. 

Introduced in 1996, the DBSCAN algorithm [66] has been used in many data mining 

operations.  Its non-parametric nature makes it suitable in finding arbitrarily shaped 

clusters, and it can isolate noise. It has only two parameters to tune and does not need to 

know the number of clusters before starting.  

DBSCAN can handle noise very well, but has an issue dealing with varying 

densities in the data set. There are only two parameters to be set: minPts, and Epsilon. In 

choosing these parameters, minPts values can be higher for noisy data sets. A good rule of 

thumb is setting minPts = 2* dimension of data set [69]. New methods are being developed 

that automatically determine these parameters [70]. In this work, these parameters as well 

as the distance metric are set based on a priori knowledge of the data set. For the DBSCAN 

application, when a set of points (obtained from the derivative stage) is in the cluster, those 

TWT values of the A-scan are used without modifications, while A-scans in that clustered 

set which are classified as noise have their values substituted with the average of the TWT 
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of the cluster. In a typical application of DBSCAN, the algorithm can find more than one 

cluster. In this application, it is restricted to finding only one cluster - the 414 clay seam. 

The next subsection discusses this application of DBSCAN and their parameters 

Epsilon:  

The value of Epsilon defines the radius around each data point. Typically, the k-

dist chart is the method used in estimating this parameter [67]. The Euclidean distance of 

each point with respect to other points in the data set is computed and arranged from highest 

to the lowest value. The point on the chart where there is a change in slope indicates the 

change of density. This data set is more of a rectangle than a circle, with the x and y axes 

having varying units of measurement, so a knowledge based approach would be used in 

determining this value (in this case two-values). The Y-axis represents TWT per A-scan 

and the X-axis, the number of A-scans. From discussions with subject matter specialists - 

geologists, an abrupt vertical change in 414 clay depth is not expected within the sampling 

space of 5cm. There is also no recorded measured history of the maximum possible 

gradient that can be encountered. Using manually picked data sets, the TWT between 

successive A-scans on the steepest slopes are observed to be 1 ns. In setting epsilon (on the 

TWT, y-axis), the goal is to accommodate the steep slopes created by washouts. Another 

point of consideration for the y-axis value is the distribution of broken pieces of clay around 

the 414 clay seam. Having stray clays near each other can create an illusion of steep vertical 

slopes. One current shortcoming of the STA/DTA algorithm is the fact that it can only 

isolate clay seams that have a minimum separation distance between them. Having a wider 

y-axis epsilon accommodates closely positioned clays while a smaller value struggles to 
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distinguish both. The value for the y-axis epsilon is subjective and very closely related to 

the underlying geology of individual potash mines.  

For the x-axis, the pertinent question is: how many A-scans grouped together would 

be necessary to verify an observed pattern? This is very subjective. The real time 

processing considerations also come into play. The application of clustering requires 

having a group of data. With each A-scan being sampled 5cm apart, it is necessary to have 

a small B-scan such that the clustering can be done. With respect to the physical position 

of the GPR sensor, having a 55 centimeter (11 A-scans) delay prior to having the result 

still keeps the operators in the safe region (fig 3.3).  

minPts (Density): 

Density refers to the number of points in a defined region (radius) that can be called 

a valid cluster. In a B-scan of 11 A-scans (10 A-scans plus the one in the middle), a perfect 

cluster (with no noise) would have 11 data points present. The higher number of minPts in 

the radius (epsilon), the more confident the pick result of the B-scan, but the less flexibility 

it has in handling sparse data distribution. Using the formula below, the minPts is 

calculated for values in each of the three mines, based on the configured epsilon “rectangle” 

described above [67].  

𝑀𝑖𝑛𝑝𝑡𝑠 =  
1

𝑛
∑  𝑛

𝑖   𝑃𝑖              (4.6) 

where, p are number of data points in epsilon rectangle of each point “i” and n is size of 

data set. 
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Below is the abstract of the implemented DBSCAN algorithm:  

DBSCAN (B-scan, density, radius) { 

x is each A-scan; 

if ((number of neighbors of x within the radius) >= density) { 

 Put all neighbors and x into the cluster 

 x = x + ceil(radius); //ceil means round up e.g., 7.1 = 8 

 //Fill in noise points in the neighbor of x with the mean of the clustered values.  

else 

 x is a noise point; 

 x = x + 1; 

 //Substitute the TWT of that A-scan via curve fitting. 

 }} 

Note other techniques can be used to fill in noise point / TWT. 

 
Figure 4.8: Implemented DBSCAN 

  

  
 

Sample point 

= TWT * 10 

  1                                                 number of A-scans                                       15 
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Explanation: 

  In figure 4.8, the dashed horizontal lines represent A-scans. The solid black dots 

are the two points selected after the derivative stage. Fifteen A-scans are used for the 

illustration above. Each box represents the epsilon parameter. For this example, it is five 

(5) A-scans on the x-axis with an arbitrary y-axis (a quantity is not needed for this 

example). The minPts (density) is chosen to be four (4). The first step is the red box at the 

third A-scan. The start point (because there are two points per A-scan) is chosen based 

value from preceding analyzed lines or by manually selecting a location. The red box has 

a density of four, so all points are taken into the cluster. The fourth A-scan which is out of 

the epsilon parameter is replaced with a curve fitting method. In this example, it is 

approximated to be the average of the preceding or next A-scan. In the green box, there is 

a density of three which is less that the set density. It is taken as a noise point and replaced 

with the mean of the three points in the epsilon radius. The process continues with more 

data (A-scans). 

On-line Outlier Detection and cleaning  

  After the DBSCAN, the 414 clay seam is picked. However, also included in that 

pick are some stray clays large enough to reduce the received amplitude signal of the 414 

clay seam. These stray clays can be thought of as spikes in a signal. The main difference is 

that they are not a single point occurrence but rather a collection of close points. The use 

of a median filter is an option in eliminating them. An efficient median filter would have a 

large enough window to get a good measure of variance (𝜎2). The Hampel filter is a type 

of median filter which when applied; the center element is replaced if it is greater than the 

threshold relating to the variance of the window [71].  Two parameters are needed for 
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implementation; the window width and a tuning variable. For applications in this problem 

domain, two drawbacks need to be solved based on the fact that stray clays are not point 

spikes but are a cluster of points with its length not known a priori. The variance (equation. 

4.7) of the sliding window significantly changes with its transitions from a good signal to 

a stray clay. This makes choosing a tuning variable difficult. A solution to that is to increase 

the window size. Having a wider window further increases computation and delays the 

result. The proposed on-line outlier filter eliminates outliers as they appear on incoming 

data.  

Below is the algorithm abstract: 

● In a window of fixed size n 

● Compute the mean of the window 

● If next sample n+1 > set threshold, replace with mean of window (or any other 

method). 

                                  𝜎2  =  
1

𝑁
∑  𝑁

𝑖 = 1    (𝑥𝑖 − 𝜇)2                         (4.7) 

where N is the population size, 𝜇is the population mean. 

 

Curve fitting 

Possible curve fitting methods include the use of interpolation to discover and 

extend a line or parabola. The purpose is to fill in the noisy A-scans with an approximation 

with close local relationships to other values in the B-scan. With respect to this problem 

domain, it is used based on the premise that the slope of the 414 clay seam, when sampled 

5 cm apart is not erratic. It is not physically possible for a point in a cluster region of other 
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points to be significantly off. That is an indication of the STA/DTA derivative part is 

picking a stray clay (clutter). The use of the cluster based algorithm with the curve fitting 

method is the automatic quality control (QC) part of the CRD algorithm process. This is 

an improvement over the suggested use of manual QC as suggested by [64]. 

 

4.4: Performance Indicators 

 

In addition to picking the 414 clay seam, four indicators are used to gauge the accuracy of 

each pick and monitor how thin the separating distance between the 414 clay seam and the mine 

roof. In a perfect scenario, after the STA/DTA ratio reduction and clustering every point would be 

picked. The following explains how the indicators work. Arranged from least important to most 

important. 

1. Noise (First feedback): If a point is not in the B-Scan cluster, this indicator is turned on. 

The previous A-scan value serves as a Region of Interest (ROI) indicator for making 

predictions. If the second peak from the STA/DTA ratio is within the ROI, it is chosen, 

else the previous A-scan value would serve as the current pick.  

2. Second feedback: After the first feedback most of the analysis is done. The first and second 

peak values from the STA/DTA ratio together with clustering properly identify the 414 

clay and some stray clays. That is where the second feedback comes into play. It identifies 

and eliminates the stray clays. The online outlier is used here.  To do this, there is an 

underlying assumption on the structure of the formation of the 414 stay clay. Specifically, 

the slope of the formation is monitored. It is an important parameter in tuning the CRD 

algorithm for different mines.  
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3. Sharp gradient markers: A by-product of the second feedback stage is the presence of sharp 

rises. These occur either at the tail end of an eliminated stray clay or at the rising or falling 

edge of the 414 clay seam.  

4. Depth marker: A threshold to monitor the thinning of the salt clay set by the administrator. 
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Chapter 5  

Results and Discussions 

 

  The CRD algorithm is compared against the pick - done by a geologist. In this work 

it is assumed that the experienced geologist’s pick is the benchmark that all auto-picking 

algorithms should be compared to. This is because physical ground truth is practically 

impossible to know for a couple reasons. First, the whole point of this research is to 

maintain the structural integrity of the mining rooms. Continuous coring (drilling samples 

in the earth crust) affects the structural integrity of the mining roof. Furthermore, obtaining 

the accurate dielectric constant information is extremely difficult. Exposed clay seams and 

earth crust have different moisture content (than when they in-situ) which affects their 

dielectric constant.  

  In detection algorithms, false positives and false negatives are normally used as 

performance indicators because of the binary nature of the output. For the 414 clay seam 

detector, the comparison is viewed as a measure of how close two lines are: the CRD vs 

the geologist’s pick. This gives a sense of how stray clay and clutter affected the auto-pick. 

It also indicates how accurately the CRD algorithm picks the starting point of the 414 clay 

seam interface ricker wave reflection. The output of the CRD algorithm is a continuous 

variable which defines the position of the 414 clay seam. Continuous variables have an 

infinite range of variables (e.g., length).  Picking the TWT of the 414 clays seam from a 

radargram can be thought of as a continuous variable. There are several possible points 

along the time axis (ns) which may correspond to the reflection from the salt to clay 
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interface. The variation between the CRD algorithm output and the geologist’s pick can be 

assesses and a quantitative representation of outliers can be also be measured.  

  Standard deviation (SD), percentiles and mean are used to assess the performance 

of the CRD algorithm. These parameters as assess on the difference between the CRD 

results and the geologist’s pick. SD measures the spread of samples within a data set. The 

sample SD is used because the results discussed below are a subset (about 4.5 km of 

horizontal distance) of a larger population (an infinite distance of GPR data that can be 

acquired underground). Percentiles give the relative position of the performance of each 

A-scan to other A-scans in the data set. It also shows the effect of outliers. 

  In interpreting the results, when both the SD and mean error are small it means that 

stray clay and clutter has had little to no effect on the output of the CRD algorithm. Small 

errors mainly refer to the difference in identifying the precise start of the 414 clay interface 

as compared to the pick of the geologist. A large SD (with a small mean) shows that stray 

clays and clutter had an effect on the CRD picked result. While a large mean error is a clear 

indication of the CRD algorithm missing the location of the ricker wave form from the 414 

clay seam and picking the stray clays instead. With respect to percentiles, a score of 80% 

with a percentile of 90 means 90 percent of the data set has a score of 80%. Similarly, an 

accuracy of 97% having a 95 percentile means, 95 percent of the data had a minimum 

prediction accuracy of 97%. This distinction identifies that the error is the difference 

between CRD estimated position of the clay seam and the geologist’ determination of the 

clay seam. A low score in percentile means there are more outliers (errors) present in the 

predicted result. The percentile rank of 90 and 95 are used. This evaluates the performance 

of 90 and 95 percent of each data set.  
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  Two objective points are observed, the accuracy of each prediction (equation 5.3) 

in meters and the accuracy of the prediction in determining the TWT (equation 5.2) in 

sample time (TWT*10) (Part A and Part B respectively). In the first case, the TWT is 

converted into distance in meters. So a predicted accuracy of 95% against a 1 m known 

value would mean 1.05m to 0.95m. The second part determines how close the prediction 

is in picking the ricker wave 414 clay seam reflection. Therefore a mean accuracy of 2 

indicates that the actual interface point is within +/- 2 sample points (represents 0.2 ns) of 

the CRD estimate. In each table, the operation settings are the algorithm parameters that 

were used. The TZC values are taken from the geophysicist report.    

 

𝐸𝑟𝑟𝑜𝑟1  =  𝑎𝑏𝑠(𝐶𝑅𝐷𝑝𝑖𝑐𝑘(𝑚)  −  𝐺𝑒𝑜𝑙𝑜𝑔𝑖𝑠𝑡𝑝𝑖𝑐𝑘(𝑚)) / 𝐺𝑒𝑜𝑙𝑜𝑔𝑖𝑠𝑡𝑝𝑖𝑐𝑘(𝑚)       (5.1) 

𝐸𝑟𝑟𝑜𝑟2  =  𝑎𝑏𝑠(𝐶𝑅𝐷𝑝𝑖𝑐𝑘(𝑇𝑊𝑇)  −  𝐺𝑒𝑜𝑙𝑜𝑔𝑖𝑠𝑡𝑝𝑖𝑐𝑘(𝑇𝑊𝑇))     (5.2) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  100 −  (𝐸𝑟𝑟𝑜𝑟1  ∗  100)               (5.3) 

 

 

Legend used in the figures: 
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A: Graphical representation of the CRD picking process. 

A step by step transformation for each major phase of the auto-picking process. 

     

 

 

 

Figure 5.1: Top: Zoomed in B-scan image after data reduction via STA/DTA and Differentiation. Middle: 

Blue line - result after DBSCAN, Red line - Geophysicist pick (benchmark), Pink line - result after 

DBSCAN and filter. Bottom: Full image. Red line - CRD algorithm result, Blue line - Geophysicist pick 
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B: General Results 

Analysis of the five large data sets from three different mines. 

 

TABLE 5.1: STATISTICAL RESULTS OF THE FIVE DATA SETS.  

 

 Data D 

(1020m) 

Data A 

(184m) 

Data C 

(1550m) 

Data B 

(1460m) 

Data E 

(500m) 

Accuracy 

with respect 

to actual 

distance (m) 

% 

[Part A] 

90 percentile 97.87 97.26 95.73 93.15 73.36 

95 percentile 96.97 95.55 91.42 88.48 66.58 

Mean 

accuracy 98.96 98.56 97.15 97.02 88.35 

Standard 

Deviation 1.18 3.84 6.41 5.77 10.45 

       

Accuracy 

with respect 

to TWT 

difference 

(ns*10) 

[Part B] 

90 percentile 4 4 7 7 29 

95 percentile 5 7 13 13 36 

Mean 

accuracy 1.78 2.28 4.48 3.33 13.21 

Standard 

Deviation 2.05 5.94 10.34 6.43 10.74 

       

Operational 

settings 

Radius(x,y) 5,8 5,8 5,8 5,8 5,18 

Density 8 8 8 8 8 

Sensitivity 100/50 100/50 100/50 100/50 100/50 

TZC 57 57 57 63 59 
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Figure 5.2: Radargram of the five data sets. Red line: CRD algorithm, Blue line: Known result. From top to 

bottom: Data set A, B, C. 
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Figure 5.3: Radargram of the five data sets. Red line: CRD algorithm, Blue line: Known result. From top to 

bottom: Data set D, E. 

 

 

Discussion: 

The percentiles show the minimum accuracy that would be expected from 90 and 95 

percent of the data set. 

1. Across all three mines, the algorithm performs well. The radius, density and 

sensitivity settings are kept mostly the same to make relevant comparisons. 
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2. Data E, Lanigan data is typically more difficult to pick as noted in the geologist’s 

report due to the unique geology of the mine. Referring to section 3.1 in this thesis, 

from the formation of the clay seam in that region there is a gradual integration of 

Potash, Salt and Clay without a clearly defined boundary sometimes. Because of 

the region of mixing, the Y-axis part of the Radius for DBSCAN is increased. That 

is why a value of is used 18 for the Y-axis (Y component of the DBSCAN radius).  

3. Data set C has a well-define stray clay seam nearly mirroring the 414 clay seam. 

CRD still performs well in avoiding the stray clay. The higher SD in both part A 

and B shows the variability between the CRD and geologist’s picks. 

 

C: Sensitivity Parameter Effect 

The sensitivity parameter either smooths the result or make it very precise with the 

drawback of having sudden jumps (low mean but high variance). It is anticipated that this 

behavior of the CRD algorithm may be a place for further improvement. The sensitivity 

parameter has two features. The first feature is the average of the past A-scan picks from 

the STA/DTA ratio. A large value smooths out previous variation in the algorithm picks. 

The second feature refers to the maximum gradient possible in the auto-pick series. For 

example, using 5ns (50 sample points) allows a maximum jump of 30 cm [V = (2*d) / t:  

V = 0.12m/ns] from one A-scan to the next. A significant issue to consider while adjusting 

the algorithm parameters is safety: is it better to have a smooth average (not picking stray 

clays) and less accuracy or having one or two stray clays appear every 200m that can be 

identified with the quality metrics? Table 5.2 and figure 5.3 shows different sensitivity 

parameters applied to the same GPR data set. 
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Figure 5.4: Close up of different sensitivity settings on same dataset. From top to bottom: 100/20, 50/20, 

and 100/50   
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TABLE 5.2: STATISTICS ON SENSITIVITY ANALYSIS  

 

 Data C (%) 

Cory(1550m) 

Data C (%) 

Cory(1550m) 

Data C (%) 

Cory(1550m) 

Operational 

settings 

Radius(x,y) 5,8 5,8 5,8 

Density 8 8 8 

Sensitivity 100/20 50/20 100/50 

TZC 57 57 57 

Accuracy 

with respect 

to actual 

distance (m) 

[Part A] 

90 percentile 94.3 95.03 95.73 

95 percentile 87.67 89.98 91.42 

Mean accuracy 96.93 96.93 97.15 

Minimum accuracy 50.49 22.23 20.79 

Standard Deviation 5.51 6.56 6.41 

Accuracy 

with respect 

to TWT 

difference 

(ns*10) 

[Part B] 

90 percentile 9 8 7 

95 percentile 19 15 13 

Mean accuracy 4.74 4.78 4.48 

Max difference 81 135 143 

Standard Deviation 8.38 10.36 10.34 

 

Discussions: 

The main statistical indicators to observe are the percentile and minimum accuracy. 

Going from 100/20 through 50/20 to 100/50, the difference between the 90th percentile 

and the 95th percentile for each scenario decreases. The minimum accuracy also decreases. 

This shows that the 100/50 has a parameter that would create outliers. It considers some of 

previous 414 clay seam position (100 A-scans) and gives a reasonable tolerance for 

maximum gradient when moving from one A-scan to the next. Looking at the SD result, it 

increases (from 100/20 to 100/50). A combination of the SD and percentile result shows 

that the chosen sensitivity parameter eliminates outliers but it can over approximate 

predicted results which reduce accuracy. 
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D: Robustness of CRD to preprocessing data 

In section 4.2, ATA and AFS plots were used to determine how effective the pre-

processing was before the application of the auto-picking algorithm. Seventeen processing 

combinations involving dewow, spatial filtering, bandpass filtering and SEC2 gain were 

developed. Line 1, 2 and 15 proved to be the best. Here, the CRD algorithm is applied and 

the performance is measured against the geologist’s pick. Not all the seventeen outputs are 

presented, only the best and worst are shown. The remaining results are presented in 

Appendix 1.  

 

 
Figure 5.5: Comparing the best case (above) and the worst case (below) effect of different pre - processing 

steps 
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TABLE 5.3: PERFORMANCE WITH VARIOUS PRE-PROCESSING METHODS AND PARAMETERS 

(USING PART A DESCRIPTION)  

 

Data (No) 95 tile (%) 98 tile (%) Min (%) Mean (%) SD (%) 

1 75.18 70.51 63.34 92.69 7.83 

2 75.18 70.56 64.58 92.67 7.84 

3 77.70 70.67 59.60 92.88 7.45 

4 75.74 69.00 55.67 93.21 7.62 

5 77.10 70.83 55.91 93.07 7.43 

6 75.86 68.65 54.37 91.52 8.31 

7 79.17 74.42 68.12 92.23 6.84 

8 79.17 74.42 68.12 92.23 6.84 

9 75.94 68.81 54.37 91.33 8.48 

10 75.90 71.34 66.92 89.89 7.38 

11 61.93 56.11 45.90 81.30 13.65 

12 75.46 71.00 64.05 92.70 7.81 

13 75.46 71.00 64.05 92.70 7.81 

14 73.37 68.76 54.78 92.72 8.57 

15 77.32 72.73 62.41 92.79 7.31 

16 75.84 68.65 54.37 91.95 8.20 

17 61.16 55.99 46.62 81.30 13.32 

 

Discussion: 

The data set used is one where the radargram is clear in some places and not so 

good in other places. This analysis was done only on one data set (Line 001 from Allan 

mine). So this result cannot be considered as conclusive. However, there is good 

consistency in the result. The SD is a better measure in judging the performance of the 

algorithm. The worst two lines are 11 and 17, for which the processing was done with 

another type of background filtering and no processing at all respectively. The best by 

visual comparison is Line 2, which was processed with all four techniques. In conclusion, 
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proper pro-processing will certainly enhance the result but the proposed CRD can handle 

less optimal pre-processing as well. 

 

E: Picking Performance Indicators Analysis 

 

 
 

Figure 5.6: [Left]-Shows the full Data set A line (it has a moving average filter applied to it, except for the 

BackTrac pick - white line). [Right]-Shows the zoomed-in region (between 550 and 600) to highlight sharp 

gradients. 

 

  From the above figures it is observed that there are more noise indicators than the 

in the second processing indicators. The reduced number of second processing indicators 

implies that the feedback analogy is working (utilizing the second peak after the derivative 

stage). The third indicator shown only in figure 5.5 highlights places of reduced confidence 

after the outlier detection has been applied. For visual purposes, this indicator was only shown 

on figure 5.5. The redline shows where the confidence is high and the gap shows where confidence 

is low. From visual inspection, these indicators perform well. They show the users places 

of potential auto-picking error in the output of the CRD algorithm. For practical purposes, 
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thresholds can be applied to the indicators. For example, display only noise indicators when 

they consecutively occur for more than 10 successive A–scans. Indicators can also be 

joined. Displaying a hybrid indicator where two or more indicators overlap. The last 

performance indicator that monitors the separating distance between the 414 clay seam and 

the mine roof can be seen in figure 5.2 (Data set B: yellow mark around the 11,500 A-scan 

marker). Based on the user set point of a minimum TWT of 125, that indicator is activated. 

Further analysis shows that there is both noise and second analysis auto-picking error 

indicators at that point, so a human expert’s view is needed to verify the pick. In figure 5.3 

(top figure – line 001(2)), there are some points with no error performance indicators (e.g., 

between A-scan 75 and 125). On visual examination, the CRD algorithm makes the correct 

auto-pick of the 414 clay seam. This is a transition zone where the geologist’s pick went 

with the start of the zone.  Further work is needed to incorporate the start of the transition 

zone into the CRD algorithm.  

 

F: Computation time analysis 

TABLE 5.4:  TIME ANALYSIS ON THE CRD PICKING ALGORITHM  

(DONE WITH MATLAB 2016B, ON A 2.42 GHZ, QUAD CORE N3520 PROCESSOR, 4 GB 

DDR3L, SOLID STATE HDD LAPTOP) 

 

Dataset B D C A  E 

No of A-scans 28,071 20,514 31,206 3,734 10107 

Process time (s) 1806 1332 2016 237 694 

Time/A-scan (s) 0.064 0.065 0.065 0.063 0.069 
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The average time per A-scan is 0.065s. Thus it is observed that the CRD algorithm 

is suited for real time operations in the field as the mining machines operate very slowly 

(typically moving below 10 cm / min).  
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Chapter 6 

Conclusion and further works  

6.1: Conclusion 

The clustered ratio derivative (CRD) algorithm locates the interface between salt 

and the 414 clay seam. This involves the use of derivatives, ratios and clustering 

techniques. The steps in the algorithm are summarized below: 

● Ratio: The STA/LTA ratio is used in seismic data processing. It is a good contrast 

measurement tool. A modification is made to the STA/LTA ratio, turning it into 

STA/DTA. The new ratio uses a delayed (D) term average in place of the long (L) 

term average. This new ratio takes advantage of the fact that electromagnetic 

signals decay in amplitude as they further progress through a medium. Furthermore, 

transmission from one medium to another decreases the amplitude of the reflected 

signal. This decrease in amplitude is proportional to the difference in the dielectric 

constant between the two mediums. The salt and clay interface provide a 

significantly contrasting combination. 

● Derivative: With the STA/DTA ratio, several potential regions in the GPR return 

signal may be identified as possible potash to 414 clay interface zones. The 

presence of noise and stray clay can generate false interface zones. Using the 

derivative of the STA/DTA ratio these regions may be ranked with respect to their 

relative likelihood of being the potash to 414 clay interface. The ratio and derivative 

calculations are performed on each A-scan. These two steps form the data reduction 
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part of the CRD algorithm. From the 550 discrete points in each A-scan, two (2) 

potential points are selected to go on to the clustering stage. 

● Clustering: The clustering of points is done on B-scan data. Clustering identifies 

the 414 clay seam profile. This is an effective method for picking the potential 

interface points and eliminating incorrect picks. The basis of this calculation is that 

the 414 clay profile from one A-scan to an adjacent A-scan is closely related with 

respect to their two way travel time stamp. The pick from a given A-scan may be 

misleading due to the presence of noise, however, these artifacts do not typically 

appear consistent at the same point (TWT) in consecutive A-scans. Thus by 

clustering in the B-scan, spurious potential picks can be reassessed.  

 

There are parameters built into the CRD algorithm that makes it configurable to 

suit individual mines. In this thesis, the five biggest data sets from three different mines 

are analyzed to demonstrate the functionality and the flexibility of the CRD algorithm. The 

percentile and the mean are presented to effectively demonstrate the algorithm’s 

performance. These parameters show how closely related the CRD algorithm output is to 

the Geologist’s pick. In addition, the standard deviation shows the effect of noise (stray 

clay) on the CRD auto-picking algorithm which is focused on picking the location of the 

414 clay seam irrespective of stray clay. The CRD algorithm has performed remarkably 

well in the data sets that have been provided for this research work. As an overall 

assessment, it is observed that the CRD algorithm has an average accuracy of 96% with a 

standard deviation of 5.53%.  
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6.2 Further works: 

1. More testing with simulated models: To further improve the developed algorithm, 

gprMax can be used to produce simulated radargram of possible clay and potash 

profile. A good modeled data of Lanigan mine can be used to properly tune the 

CRD algorithm for the mine. In addition, with simulated data, the ground truth is 

known and more possible clay seam formation scenarios can be acquired. Thus 

implementing supervised machine learning techniques becomes easier.  

2. Auto-picker for stray clays: Another area for further works is the development of a 

stray clay picking algorithm. Stray clays can be a safety hazard. They have the 

similar composition as a 414 clay seam. Though picking the 414 clay seam is of 

utmost importance, tracking the stray clays is also necessary. That would also give 

a better representation of the subsurface geology.  

3. Curve fitting and eliminating noise: A third place for improvement is in the 

development of and implementation of curve fitting techniques. A modified version 

of the DBSCAN clustering technique was used. This was done with the goal of 

limiting the number of clusters found to only one. A drawback to this 

implementation is the handling of noise points. That is where curve fitting comes 

into play. A statistical approximation of the interface point is needed to replace the 

noise point. 

Potash is an important part of fertilizer with which we grow our food. The safety 

of potash mines is crucial to protect both the miners and the process. Improvement in the 

development of auto-picking algorithms for potash mine safety is important. The 

development of the CRD algorithm is a step in the right direction. 
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Appendix 1: Visual representation of 17 pre-processing 

combinations 
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