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Where m is the mass of the satellite, a is the semi-major axis, 
and e is the eccentricity of the orbit. 
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Arcseconds of RA centered on Haumea 

Conclusions and Future Work 
Our code has been validated by reproducing previous results 
for the orbital parameters and masses of Haumea's two moons. 
We also demonstrate that the results and errors of 
Ragozzine and Brown 2009 were reasonably accurate. We 
clearly demonstrate that the masses of the satellites are small 
enough that the results of Cuk et al. 2014 indicate a very 
different tidal evolution history. Future work includes integrating 
the new HST data, refitting the orbits, and improving the 
estimates of the masses of the satellites in order to test 
hypotheses for the formation of this interesting dwarf planet. 

 
 

Orbits of the Moons 

Fig 3: Best-fit orbits (as seen on sky) of Namaka and 
Hi'iaka (Ragozzine and Brown 2009). Crosses and 
circles indicate data and model, respectively. 

Background 
Outside of Neptune's orbit, near Pluto, lies the dwarf planet 
Haumea, one of the most interesting bodies ever discovered. Its 
triaxial ellipsoid shape implies a very fast rotation, and it has 
two large moons, named Hi'iaka and Namaka, which have 
similarities to the Earth-Moon system. There are many 
indications of a collisional formation, but the formation of 
this system is still not fully understood.  For example, it is not 
known why the moons are so far from Haumea or why they are 
in non-circular orbits. Cuk et. al. 2014 clearly demonstrated that 
to better explain the evolution of this system, we must first 
improve our estimates of the orbits and masses of Haumea 
and its two moons. 

Methods 
We translated the existing model from IDL to Python to utilize 
the emcee package, a module that incorporates Ensemble 
sampling and MCMC. We validated the new code (over 2000 
lines) and successfully reproduced previous results. We ran 
this using 46 chains, starting from the previous solution and ran 
1000 links. From this, we were able to create all the posterior 
distributions of individual parameters and identify out best-fits 
and their uncertainties. We demonstrate the previous 
solution was accurate and can now rapidly incorporate the 
new HST data, recently awarded to Dr. Ragozzine. 
 

Markov Chain Monte Carlo vs. Levenberg-Marquardt 
Markov Chain Monte Carlo (MCMC) and Levenberg-Marquardt 
(LM) are both valid methods for parameter fitting; however, LM 
has some inherent flaws. In particular, it gets stuck in local 
minima and error estimates are approximate. To compensate for 
this, LM can be run many times from different, random locations 
in parameter space so everywhere can be explored. In contrast, 
MCMC automatically explores parameter space efficiently to 
avoid local minima and identify Bayesian error bars 
simultaneously and self-consistently. Emcee uses Ensemble 
Sampling that chooses parameters intelligently, not randomly, 
and looks at correlations in and between the parameters. 

Fig 1: New image captured by Hubble Space Telescope of 
Namaka (right), Haumea, and Hi'iaka (left), December 2014. 
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Motivation 
Because the moons are constantly perturbing each others orbits, 
the full identification of the orbital properties requires a 17-
dimensional, highly non-linear, global minimization of X2, a 
standard comparison between the model and the data scaled by 
the errors. The fitting procedure must be done as an “inverse 
problem”: for a particular set of parameters, we take a model 
orbit and find the resulting positions as a function of time and 
compare these to the observations taken by HST. We want to 
minimize any discrepancies, which maximizes the likelihood 
that the resulting parameters are correct. 
Ragozzine and Brown 2009 performed this minimization using 
the Levenberg-Marquardt method (see below), which has 
several shortcomings. By using a state-of-the-art Bayesian 
astrostatistical method, Markov Chain Monte Carlo (MCMC), we 
avoided these issues and were able to construct full “posterior 
distributions” to identify the best orbital elements and errors that 
are consistent with the data. 

Fig 2: Posterior distributions for the semi-major axes and 
masses of Hi'iaka (top) and Namaka (bottom). The blue line 
represents the best-fits from Ragozzine and Brown 2009, 
while the dashed lines mark percentiles 18, 50, and 84. 
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