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Introduction:  The detection of minerals and esti-

mation of the mineral modal abundances on planetary 
surfaces are of prime importance to better understanding 
their composition and constraining their geologic evo-
lution. Innovative new methods to detect the presence 
of mineral phases and their location have been devel-
oped using visible to shortwave infrared reflectance data 
and applied to planetary data. However, these methods 
and their applications have not been rigorously vali-
dated with well-constrained laboratory experiments. In 
particular it has been stated that spectrally distinct min-
erals such as serpentine and hydrated silica can be de-
tected at low abundances on planetary surfaces [1,2,3]. 
Yet, laboratory analyses to establish false positive de-
tections and limits on the minimum abundances detect-
able have not occurred. Here we describe an experi-
mental design and will present results of laboratory ex-
periments specifically designed to test the detection ca-
pabilities of the Factor Analysis/Target Transformation 
(FA/TT) algorithm [4]. The data sets we collect how-
ever can be implemented to test any algorithm. 

Methods: Many promising mineral detection algo-
rithms have surfaced in planetary spectroscopy. This in-
cludes Factor Analysis [4], Sparse Unmixing [5], Hapke 
Modelling [6] and Machine learning based detection 
and unmixing approaches [7,8]. Some of these tech-
niques may detect minerals present in low abundance 
broadly across a surface using hyperspectral data. Pos-
sibly among the many pixels in  hyperspectral imaging 
data the spectral signature of the mineral of interest im-
parts variance to the large volume of data collected. This 
variance can then be measured by various statistical ap-
proaches. One example is the  FA/TT algorithm which 
follows a two-step process [9] : 1) Factor analysis: The 
algorithm identifies the number of independently varia-
ble spectral components represented in the eigenvectors 
derived from factor analysis and determines the inde-
pendent components (typically the first 10-15 eigenvec-
tors) of the mixed system. 2) Target transformation: The 
selected eigenvectors are fit to a spectrum of the “tar-
get”. The targets we use are laboratory spectra of known 
minerals. The quality of the fit is then determined using 
a statistical metric such as a Root Mean Square Error 
(RMSE) or spectral angle. This approach can be applied 
to any number of spectra from a variety of spectral li-
braries. However, questions arise as to the appropriate 
metrics in assessing the goodness of fits and the number 
of eigenvectors required. Various factors including 

structured noise, low signal to noise ratio, and the num-
ber of eigenvectors used for the transformation step 
have provided false positives in analyses of acquired lab 
data. Thus we are currently using RMSE followed by 
visual inspection by trained analysts for validation. The 
exact dependence of the quality of the fits on these many 
different factors, and thus fundamentally on the detec-
tion capabilities of various algorithms, is not known and 
is an area of active research.   

Laboratory Measurements: A laboratory experi-
ment has been designed to test the capabilities of this, 
and other algorithms. Suites of mineral mixtures were 
created using a new Mars Global Simulant (MGS-1) 
produced by K.Cannon [10], a chemical and mineral-
ogic analog to the global basaltic soil based on the 
Rocknest Measurements [11] that is an excellent spec-
tral analog to Mars dark-toned soils.  

The samples were loaded into 3-D printed sample 
trays with 3x3x1 cm segments. The segments are filled 
with samples of the target mineral of interest, the matrix 
or background material, and mixtures of the target min-
eral and background material. The trays were painted 
with Nextel black paint (0.03 reflectance 0.3-2.8 μm). 
The layout for one mixture suite is shown in Figure 1 in 
the results section.  
       We have designed the experiments to test low min-
eral abundance detection limits using a variety of hy-
drated mineral endmembers. These were chosen specif-
ically because they are key target minerals for planetary 
exploration, show a large spectral contrast to the spec-
trum of MGS-1, and have been detected in remotely 
sensed data of Mars. These experiments are broadly ap-
plicable to many planetary surfaces but are first orga-
nized around hydrated minerals proposed to be on Mars 
based on observations from CRISM and OMEGA data 
[12]. The endmembers include calcite, opal, gypsum, 
nontronite, serpentine, Mg-sulfate, montmorillonite, 
and kaolinite. The endmembers were mixed with MGS-
1 in the following proportions, designed to test the de-
tection thresholds of the algorithm: 50%, 25%, 10%, 
5%, 2.5% and 1%. 

Data Acquisition:  The sample tray is measured 
with the Brown University Headwall Imaging Spec-
trometer. The Headwall imaging spectrometer consists 
of a visible-near infrared and short-wave infrared com- 
ponents, bore-sighted through the same fore optics. To- 
gether they provide optical observations across the 
wavelength range 400 – 2600 nm.  
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For these measurements, the spectrometer was fixed 
25cm above a translation table that moves across the 
field of view at a rate synched with the Headwall frame 
rate to acquire square pixels. The field of view of the 
instrument is illuminated by a quartz halogen lamp and 
there is a fixed Spectralon® target along one end of the 
translation table for calibration. The data are calibrated 
to reflectance by subtracting the instrument dark current 
from the sample and calibration panel data and dividing 
the sample data by the calibration panel. Then the rati-
oed data are multiplied by the absolute reflectance of the 
calibration target measured in RELAB. 

 
Headwall 
Camera 

Visible-Near  
IR 

Short Wave 
IR 

Spectral 
Range 400-1000 nm 900-2600 nm 

Spectral 
Sampling 1.62 nm 9.62 nm 

Spectral Res-
olution 1.6 nm 8.0 nm 

IFOV 0.0162° 0.0777° 
Pixel Size in 

Lab 0.071 mm 0.339 mm 

Figure 1: Headwall Imaging Spectrometer Specifica-
tions. 
 

 
Figure 1: Processed reflectance image cube for gypsum 
mixture tray at SWIR wavelengths. 

    Results: Fig. 1 shows the processed reflectance im-
age cube product for the target mineral gypsum from our 
experimental pipeline. Spectra of each of the gypsum 
sample mixtures loaded in the tray are shown in Figure 
2. These demonstrate the data quality. The mixture 
spectra shown below are for fine grained (45-75μm) 
gypsum in the SWIR wavelength region. Visually the 
presence of gypsum can be recognized by the 1900 nm 
water absorption in the 10% GYP and perhaps the 5% 
GYP spectra. We have created and are analyzing similar 
trays for serpentine, opal, kaolinite, montmorillonite, 
nontronite, calcite, and Mg-sulfate. Preliminary results 
applying mineral detection and abundance algorithms 
are reported in [13] 

 
Figure 2: Reflectance Spectra of each gypsum mixture 
at SWIR wavelengths (offset for clarity) 
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