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Introduction: NASA’s Curiosity rover is traversing 

Gale crater, a site that contains evidence of extinct aque-
ous environments in geologic formations [4]. During the 
first ~760 sols of this mission, Curiosity traveled across 
the Bradbury formation and discovered sedimentary 
units that are interpreted as aeolian, fluvial, and lacus-
trine [4, 5].  

In the past ten years, Curiosity has observed a vari-
ety of rock types on Mars; [6] developed a new classifi-
cation system to sort ChemCam targets by visual char-
acteristics, resulting in 15 unique facies and a miscella-
neous category. We used the same dataset as [6] to ex-
plore new methods for visualizing chemical trends 
across all ChemCam targets.  

Methods: Curiosity’s ChemCam instrument uses la-
ser-induced breakdown spectroscopy (LIBS) to deter-
mine the chemical composition information for each ob-
servation point in a rock target [7, 8, 9]. 

To survey the chemical relationships between differ-
ent facies, we used Python’s Matplotlib, Pandas, 
NumPy, and Seaborn libraries to explore new methods 
of data visualization. 

To analyze the relationships between different ox-
ides for specific facies, we created binary oxide plots 
comparing every pair of major oxides in the ChemCam 
database for these facies on a per observation point 
level. We then fit each plot with a line to determine the 
degree of each correlation using the Pearson’s “r” cor-
relation coefficient. Pearson’s r can be understood as the 
accuracy of a line of best fit on a scatter plot [10]. 
Whether the correlation between the two oxides is pos-
itive or negative determines the sign of Pearson’s r [10]. 
Light colors represent a poor correlation. 

To visualize possible trends and outliers between 
oxides within a given facies, we created correlation ma-
trices (e.g., Fig. 1). Each tile that makes up such a matrix 
compares two given oxides in a single facies and dis-
plays its Pearson’s correlation as a color. We combined 
these correlation matrices to visualize chemical rela-
tionships between different oxides across all the facies 
at once, forming what we call a correlation heatmap. 
These correlation heatmaps were created using Python’s 
Pillow library, an image manipulation library. We cre-
ated these new correlation heatmaps by taking the same 
column of every correlation matrix and placing them ad-
jacent to one another. This process was repeated until 
there were nine different correlation heatmaps: one for 
each of the different major oxides. 

 
Fig 1: Correlation matrix derived from binary oxide plots for 
observation points from all targets in facies 11. Color scale 
for Pearson’s r is shown on the right: darker red regions in-
dicate stronger positive correlations; darker blue regions in-
dicate stronger negative correlations. White represents a lack 
of correlation. 
 

Results: We reduced 576 binary oxide plots into 9 
correlation heatmaps. For example, a resulting correla-
tion heatmap for Al2O3 is shown in Fig. 2. Here we see 
that calcium oxide does not seem to correlate signifi-
cantly with Al2O3 in most facies. However, in Facies 11 
(the group describing targets that are “fine”, “light”, and 
“smooth with ridges” targets [6]), there is a particularly 
strong positive correlation between CaO and Al2O3, as 
evident from the dark red square (also Fig. 3).  

 

Fig. 2: Correlation heatmap with CaO. The oxides being plot-
ted against CaO are shown along the vertical axis (left); facies 
number is shown along the horizontal axis (bottom). Facies 0 
and 12 are swapped from their assignments in [6]. 
 

Discussion: The correlation heatmap shown in Fig. 
2 can be thought of as a slice of a rank-three tensor, 
which we will call a correlation tensor. This object com-
pares three variables––facies number, base oxides, and 
the oxides being plotted against the base oxides––and 
thus requires three dimensions to visualize. This can be 
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thought of as a three-dimensional data container, which 
we then take slices of and present as a series of two-
dimensional heatmaps, one of which is shown in Fig. 2 
above.  

 
Fig. 3: Binary oxide graph between calcium (x-axis) and alu-
minum (y-axis) with targets from Facies 11. 
 

Based on this data, we can likely attribute that the 
targets in Facies 11 are primarily plagioclase feldspar, 
one of the most common minerals on Mars’ crust, which 
is composed of NaAlSi3O8 and CaAl2Si2O8 [11, 12]. 
However, this does not explain the strong correlation 
between calcium and potassium oxides in Facies 11. 

In Fig. 2, we can see that calcium tends to have a 
negative correlation with potassium across all facies, 
except for Facies 10 and 11. While the relationship be-
tween these two oxides in Facies 10 appears to be insig-
nificant, the correlation in Facies 11 is considerable 
(Fig. 4). 

Facies 11 targets are described by [6] as mudstone 
targets from the Yellowknife Bay formation [13] in 
Gale crater, which typically consist of a mixture of pla-
gioclase and alkali feldspars [14] among other minerals. 
Hence, K2O is expected to correlate with plagioclase 
feldspar in Facies 11 and provides evidence confirming 
the effectiveness of the heatmaps. 

Fig 4: Binary oxide graph between calcium (x-axis) and po-
tassium (y-axis) with targets from Facies 11. 

 

Future Work: We plan to improve upon these 
heatmaps by creating more robust methods for calculat-
ing correlations, which address spatial autocorrelation 
and the variability of statistical dispersion using meth-
ods discussed in [15]. Considering measurement accu-
racies and precisions will allow us to adjust the multi-
variate dataset for inaccuracies. Oxide accuracy and 
precision could be used to filter for weak correlations 
from the heatmaps to isolate significant relationships. 

Calculating margins of error and removing targets 
that exist outside of them will separate abnormalities 
from “expected” values in the data. However, it is also 
important to increase the size of the dataset so that the 
Python algorithm can produce more accurate correla-
tions.  

Extending this data into correlation box plots could 
give us new perspectives for interpreting the heatmaps. 
They have the benefit of including data ranges so that 
references for the standard values are included in the 
figures. 

Conclusion: Correlation heatmaps provide new per-
spectives for interpreting ChemCam or any other com-
plex geochemical dataset. These types of data visualiza-
tions further develop the classification method created 
by [6] by quantifying the strength of mineralogic trends 
in similar-looking rocks. This method can be extended 
beyond the oxides listed above and adds yet another way 
to explore the relationship between chemical composi-
tions and visual appearance. The correlation heatmaps 
can condense an overwhelming number of plots into 
single figures that can be quickly and easily digested. 
Furthermore, these heatmaps offer ways to make accu-
rate geologic interpretations that concur with the con-
clusions of other pre-established methods. 
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