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Introduction: Although asteroid imagery and re-

mote spectroscopy provide tantalizing glimpses into the 
surface and bulk compositions, very little is known 
about their actual compositions because there have been 
so few sample return missions. Several asteroid taxono-
mies based on spectroscopy have been developed over 
the years [1-3], most recently culminating in the Bus-
DeMeo (BDM) method [4,5], which uses slope scores 
and principal component analysis of reflectance spectra 
to group similar objects together. Subsequent to the 
original implementation of BDM, the addition of many 
new spectra from assorted telescopes has required im-
provements and adjustments to the BDM method. But 
the current automated classification [6] is still challeng-
ing to use, requiring that many objects (~40% [7]) be 
classified visually. Because BDM was developed using 
decades-old classification techniques, it is overdue for 
an update that can leverage advancements in data anal-
ysis and machine learning (ML), and include the wealth 
of newly acquired asteroid data. This project, still in its 
infancy, seeks to create a new, more principled classifier 
with carefully quantified accuracy to replace BDM. 

This is a difficult task. Development of a classifier 
based solely on “unlabeled” asteroid spectra is challeng-
ing because there are little/no ground truth spectra 
(other than limited sample return) available to confirm 
accuracy. However, laboratory reflectance spectra of 
meteorites do represent ground truth for their asteroid 
parent bodies and can be used to develop and test a new 
asteroid taxonomy. Promising recent results [8] show 
the potential of two ML methods for this purpose.  

This paper undertakes two approaches. First, it tests 
ML classification algorithms on asteroid data to see if 
they can reproduce BDM classes [5]. Second, it creates 
a whole new ML-based taxonomy for asteroids based 
on correspondences between lab-based spectra of mete-
orites with known classes and asteroid data. 

Data: This project uses 1,623 meteorite spectra and 
694 asteroid spectra. Meteorite spectra were obtained 
from archives and unreleased data from the Keck/ 
NASA Reflectance Experiment Laboratory (RELAB) at 
Brown University [9]. Asteroid spectra were obtained 
primarily from the SMASS and MITHNEOS surveys 
[10,11] with additional data from PDS, Polishook et al. 
[12], and HARTSS [13]. Prior to classification, all data 
were resampled to cover the range from 0.3 to 2.5 µm at 
0.01 nm resolution. Spectral data files were also refor-
matted for consistency with attached headers containing 

acquisition parameters and other information. The same 
set of headers was used for both meteorite and asteroid 
data for ease of manipulation. 

Bus-DeMeo classes for the first approach were de-
termined for all 694 asteroid spectra using either the 
supplied labels from MIT or the online tool [7]. The sec-
ond approach, based on meteorite classification [8], uses 
laboratory data from 27 different classes including three 
combinations (CV-CK, EH-EL, and IAB, IIAB, and 
IVB as irons). That meteorite model, based on labeled 
data (spectra with assigned classes based on independ-
ent data from petrography and chemical analyses), was 
then applied to the unlabeled asteroid data. 

Methods: Data were analyzed with an in-house tool 
written in Python utilizing the SciKit-learn library [14]. 
Two types of classification algorithms were tested: Lo-
gistic regression (LR) and Gaussian Kernel Support 
Vector Machine (SVM) as described in [8]. Although 
meteorite spectra from RELAB were internally very 
self-consistent and did not improve in accuracy with 
baseline removal (BLR), applying their classification 
algorithm to asteroids did require training on baseline-
removed spectra to ameliorate reddening in the asteroid 
data. This reddening is commonly attributed to space 
weathering. The most accurate baseline removal model 
used Adaptive Iteratively Reweighted Penalized Least 
Squares (AirPLS) [15]. Normalization, squashing, and 
smoothing did not boost performance for meteorite 
models but should be considered further for asteroid 
models to correct for variations in spectral intensity. 

Results of ML Models Trained on Bus-DeMeo 
classes: BDM classes were successfully reproduced us-
ing both LR (75.1% accurate) and SVM (77.7%). As 
seen in Figure 1, many of the “inaccurate” predictions 
are actually misclassifications to closely related classes 
(e.g., Sq misclassified as Sqw; Sa misclassified as Sqw). 
Merging of closely related classes and/or application of 
more sophisticated models with lower penalties for near 
mismatches should raise classification accuracy signifi-
cantly. Fine-tuning of these models will likely result in 
a web tool with quantified accuracy that does not require 
visual inspection and is completely principled. 

Results of ML Models Trained on Meteorites Ap-
plied to Asteroids: When trained with all RELAB me-
teorite data, the best meteorite classification model used 
a Gaussian Kernel SVM with the C and g parameters 
equaling 106 and 0.0001, respectively, after AirPLS 
baseline removal was applied. This gave a validation 
score (accuracy) of 63.8%. Another model was trained 
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on the RELAB meteorite data without the lunar and 
martian meteorites, with an accuracy of 64.6%. As 
noted above, these accuracies are likely underestimates 
due to false negatives for close matches. 

Asteroid data were then predicted using this model 
to assign a meteorite label to each asteroid. This was 
done for all the asteroid spectra and for S-complex, V-
type, and C-complex asteroid spectra separately.  

Results for V-type asteroids are shown in Figure 2. 
These were expected to be howardites, eucrites, and di-
ogenites, and indeed those meteorite classes constitute 
89% of the objects. Another model verification was the 

prediction for (4) Vesta from the Dawn mission; the al-
gorithm correctly predicted it to be a howardite. These 
promising results give confidence to the ML model, 
even in such a preliminary study utilizing only basic ML 
approaches. Because they are based on meteorite data, 
these models will ultimately provide a view of mineral-
ogy distribution among asteroids in the Solar System. 

Discussion: For both asteroid and meteorite models, 
the biggest limitation on accuracy is likely to be under-
representation of individual meteorite classes. ML algo-
rithms struggle when training data are too limited be-
cause there is a larger chance that certain spectral char-
acteristics may be missed. Work has begun to collect 
spectral data from recently acquired meteorites, so this 
drawback should rapidly be mitigated. 

Future Work: Combined with the work in [6], this 
project completes two years of proof-of-concept studies 
that explored the feasibility of using meteorite spectra 
to classify asteroids. These preliminary results make ap-
parent that ML approaches show tremendous promise 
for this purpose. To move forward, this project requires 
more data; testing of more sophisticated ML algorithms 
with reduced penalties for close mismatches; and com-
prehensive study of spectral pre-processing to under-
stand how to align meteorite and asteroid spectra irre-
spective of their varying acquisition conditions, albe-
dos, weathering, etc. Although there are only a few re-
turned samples to validate asteroid compositions, those 
limited data can be leveraged to further tune models. 

Other improvements to these models will likely re-
sult from vector-based methods that can utilize the or-
dered nature of the spectral data. These should compen-
sate for variations resulting from differences in slopes, 
visual albedo, reddening, etc. 

Ultimately, results should enable direct mineralogi-
cal linkages between meteorites and their parent bodies, 
and provide an understanding of the distribution and 
abundances of objects with varying compositions 
throughout our solar system. 
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Figure 2. Percentages of V-type asteroids assigned to each 
meteorite group using the SVM after the AirPLS baseline 
removal method was applied. These results are very prelim-
inary, but show that further work is justified. 

 
Figure 1. Confusion matrix showing results from training ML 
models to reproduce Bus-DeMeo classes. The y axis labels 
are the Bus-DeMeo classes, and the x-axis represents the class 
predicted by the algorithm. Ideally, the diagonal would be all 
yellow for consistently perfect matches. Shaded squares indi-
cate the class to which each object was misclassified. 
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