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Summary 

 

Aero-geophysical surveys acquire data that can be used for 

many applications including urban planning, agriculture, 

forestry, or in the case of CPRM – Serviço Geológico do 

Brasil (Geological Survey of Brazil), geological mapping of 

a region, conducted by. In this latter case,  the geologic 

interpretation is based on visual pattern recognition 

performed by a human interpreter of a series of  maps 

generated by the aerogeophysical survey. In this paper we 

apply Principal Component Analysis and K-means 

clustering to better understand and develop a more 

quantitative analysis of the the data from airborne gamma 

ray spectrometry.  

 

Introduction 

 

Aerogeophysical data have long been used to study crustal 

geologic structure and tectonic evolution (Rosa et al., 2014). 

For example, Zhang et al. (1998) present applications of 

airborne gamma ray spectrometry in geological mapping, 

uraniun and potash prospecting and as auxiliary data for oil 

and gas exploration. Several authors show how airborne 

geophysical data can be correlated with superficial geology 

(Carneiro et al., 2012; Cracknell et al., 2015; Harris et al., 

2015). In general, the use of gamma ray spectrometry data is 

a common methodology in environmental mapping, 

geological mapping and mineral exploration (Nicolet et al., 

2003) 

 

Geological interpretations using an integrated approach that 

includes geophysical data are being carried out by CPRM 

over several areas in Brazil in order to better understand the 

geologic framework, environmental challenges, and 

resource potential of the country. This paper analyzes the 

airborne geophysical surveys acquired from the 

aerogeophysical Paraná-Santa Catarina project (Figure 1). 

 

The survey was acquiredwith flight lines 100 meters above 

ground and spaced 500 meters apart. The direction of 

acquisition is N-S, with gamma radiation sampled every 76 

meters. After acquisition, the data are processed to yield 

grids of 125 by 125 meters (CPRM, 2011) resulting in maps 

of the Total Count (TC), potassium (K), equivalent thorium 

(eTh) and equivalent uranium (eU), among others.  

 

In this paper, we test a new approach to process the airborne 

gamma ray spectrometry data, using Principal Component 

Analysis and K-means clustering. The resultant products are 

used in a quantitative interpretation of geologic features. 

 

Methods and discussion 

 

We use a popular numerical image processing software 

package to test and evaluate procedures with the objective of 

delineating the geological expression of the studied areas 

using the primary products (TC, K, eTh and eU) of airborne 

gamma ray spectrometry surveys.  

 

The first step was to linearly scale  the measured TC, K, eTh 

and eU to range from 0 to 1 (Figure 2), since they have 

different ranges and units (K – in percentage, eU  and eTh – 

in ppm, CT – in μR/h).  The resulting normalized values are 

adimensional. A common product of airborne gamma ray 

spectrometry surveys is the ternary image (Figure 3) that is 

created using the maps for K, eTh and eU as red, green and 

blue bands respectively. The ternary image has a good visual 

correlation with the local geology and is used by CPRM as a 

basis for geological mapping. The geology displayed in 

Figure 3 is simplified to show the contours of the geological 

rocktypes present in the area (personnal communication with 

CPRM).  

 

A disadvantage of using the ternary image as a guide for 

geological mapping, especially when taking into account the 

current procedures at CPRM, is that the evaluation and 

delineation is done by simple visual interpretation. While 

integrating the experience and understanding of the human 

interpreter, this techinique has little to no chance of repeating 

the results when the task is performed in the same area by 

another  interpreter (or sometimes even by the same 

interpreter). 

 

Figure 1. Location of the aero-geophysical survey in red. Modified 

from (CPRM, 2011) 

 

Note in Figure 2 that the eU map has a higher level of high 

frequency noise when compared with the other products. 
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The high frequency noise can be harmful when the ternary 

image is interpreted, since this noise tends to bias the 

resulting image towards  blue. Not surprisingly, different 

noise can contaminate each of the TC, K, eTh and eU maps. 

Unfortunately, the TC map is sometimes neglected during 

interpretation because it demands an extra effort from the 

interpreter to compare the TC map with the ternary image.  

 

Principal Component Analysis 

 

We performed Principal Component Analysis (PCA) with 

two objectives: to reduce the effect of noise in the gamma 

ray spectrometry maps, and to reduce the four dimensions of 

the data, TC, K, eTH, and eU (Figure 4) to three dimensions 

that can be plotted against RGB. One of the motivations of 

this approach is the work done by Guo et al (2009) where 

PCA is applied to reduce the information contained in 86 

spectral components down to three Principle Components 

(PC) which contained 83% of the spectral information. The 

theory behind PCA is also explained by Guo et al. (2009): a 

PC band is a projection of the original data onto an 

orthogonal axis (eigenvector) that have the origin at the 

mean and are rotated so that the variance is maximized. In 

this example with four input maps, the first eigenvector is a 

D vector that best represents the distribution of the data in 

4D space. The data projected onto this first eigenvector is 

called the first principal component. If we subtract this 

component from the original data, the second eigenvector 

best represents  the remaining (or residual) variation in the 

data. Data projected onto it is called the second principal 

component. If there are four input data maps there are four 

eigenvectors and four principal component maps, with the 

last (or fourth) map representing the least variation in the 

data.  

 

As PCA is based on the variance of the data, Table 1 shows 

the covariance of the analyzed records. Note that most of the 

combinations have a correlation higher than 50%. This 

might indicate that the PCA may not produce results 

comparable to those obtained by Guo et al (2009). In this 

case, application of Independent Component Analysis (ICA) 

could improve the results and it is programmed for future 

work. 

 

 

Figure 2. Images showing linearly scaled TC (a.), K (b.), eTh, (c.) and eU (d.). Notice the variability of the between each display, with several 

anomalies present in all four images (green arrows). Red arrows indicate anomalies that are well delineated by only one or two of the images. 

Note that the eU panel exhibits a higher level of short wavelength noise than the other images. Scale bar is the same for all panels. 
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Figure 3. Geology map (left) and ternary image (K – red, eTh – green, eU – blue, right). Note the strong correlation between the two images; 

however, there are significant differences as well. Green arrows indicate geologic features that appear on both images, while red arrows indicate 

geologic features that appear to be poorly represented by airborne survey, or at least at this scale. In contrast, blue arrows indicate anomalies 
that do not appear on the traditional geologic map, and may reveal features of scientific or economic importance. The interpreter needs to guard 

against potential pitfalls of anomalies created by non-geological factors, such as mine tailing, disturbance by construction, densely urbanized 

areas, and agricultural practices. 

 

Figure 4. Principal components (a) PC 1, (b) PC 2, (c) PC 3, and (d) PC 4, computed from the input maps shown in Figure 2, Notice the scale 

of the panels. PC 1 presents a result that resembles the local geology and the ternary image created with K-eTh-eU. PC 2 still has some possible 
geological information left. PC 3 contains fewer coherent anomalies, although the red arrows point to areas that may represent geological 

features of interest. PC 4 appears to represent random noise. 
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Table 1. Covariance between airborne gamma ray spectrometry 

maps 

 TC K eTh eU 

TC 1.00 0.68 0.85 0.71 

K 0.68 1.00 0.23 0.12 

eTh 0.85 0.23 1.00 0.73 

eU 0.71 0.12 0.73 1.00 
 

 K-means Clustering 

 

Geophysical-geological interpretation as performed at 

CPRM can be seen as a human-driven pattern recognition 

clustering technique. Because of that, K-means clustering 

methods were applied to the dataset. K-means is a common 

unsupervised learning algorithm and one of the earliest 

clustering algorithms developed (Zhao et al., 2015). For K-

means, the interpreter provides only the number of desired 

clusters and the input data and the algorithm finds as many 

cluster as desired. A disadvantage of this technique is that 

the clustering has no structure, therefore the cluster 

numbering (or figure coloring) is not related to the proximity 

of one cluster to another (Zhao et al., 2015).  

 

Two different K-means clusterings were produced (Figure 

5). Both of the results were generated using nine different 

clusters. The primary data, TC, K, eTh and eU, was input to 

a K-means clustering, and PC 1 and PC 2 in another K-

means clustering. PC 1 and PC 2 were choosen to be 

clustered because they represent most of the information 

contained in the primary data and have less noise. Results 

show that the clustering using PC 1 and PC 2 present better 

results when compared with clustering of primary data.  

 

Conclusions 

 

Despite the high correlation between the primary 

aerogeophysical gamma ray products, PCA was able to 

condense the information into a smaller set of dimensions 

(two instead of four). The results obtained using K-means 

clustering of PC 1 and PC 2 are also better (presenting a 

better correlation with the traditional geological map) when 

compared with the clustering of TC, K, eTh and eU maps. 

At present, we present only visual comparisons of the 

traditional geologic maps based on outcrops to the 

geophysical maps. We anticipate that areas that have a high 

spatial correlation can be used as training to identify similar 

features that were either overlooked or buried.  

 

For future work, we intend to test different image processing 

methodologies, such as ICA. We also intend to test different 

clustering techniques, such as Self Organizing Maps (SOM), 

as used by Carneiro et al, (2012) over the Brazilian Amazon. 
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Figure 5. K-means clustering using TC, K, eTh, eU as input (left) and K-means clustering using PC 1 and PC 2 as input (right). Both panels 

exhibit nine classes used for clustering. Although the clusters are arbitrarily set during the calculations and have no direct relation between them, 

it is possible to compare the obtained results. Green arrows indicate clustered features that have a strong correlation with the geology and gamma 
ray spectrometry maps previously displayed in Figure 3 and 4. Blue arrows indicate improvements in clustering using PC 1 and PC 2 as input to 

the K-means clustering algorithm. 


