
Completeness 
• Probability of detecting a planet belonging to assumed population 
• Planet population dependent 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Derivation 
• Assume independence to get joint probability density function 

𝑓𝑟 ,𝛽 ,𝑝 ,𝑅 𝑟, 𝛽, 𝑝, 𝑅 = 𝑓𝑟 𝑟 𝑓𝛽 𝛽 𝑓𝑝 𝑝 𝑓𝑅 𝑅  

• Perform change of variables and marginalize over 𝑝 and 𝑅 

𝑓𝑠 ,∆mag 𝑠, ∆mag =   𝑓𝑠 ,∆mag,𝑝 ,𝑅 𝑠, ∆mag, 𝑝, 𝑅 𝑑𝑝𝑑𝑅
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• Marginalize over instrument constraints to get completeness 

𝑐 =   𝑓𝑠 ,∆mag

∆mag𝑙𝑖𝑚
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Completeness Computational Time 

Detection Metrics 
• Probabilistic measure of detection success 
• Previously determined by Monte Carlo samples 
• Dependent or independent of assumed planet population 
• Based on instrument constraints 

              Uses 
• Science yield estimation 
• Mission design optimization 
• Mission simulation 
- Target list selection 
- Observation scheduling 

 
 

Geometry 
 
 
 
 
 
 
 
 
 
 
 
 
 

Photometry 
 
 
 
 
 

Monte Carlo vs Analytical 
• Monte Carlo methods require large number of samples for high 

accuracy – sampling is computationally intensive 
• Analytical methods require integration – less computationally 

intensive 
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Depth of Search 
• Number of planets of given semi-major axis and planetary radius 

detected if every star in target list has such a planet 
• Allows comparison of various techniques for detecting exoplanets [3] 
• Not planet population dependent 

 

Derivation 
 
 
 
 

 
• Flux Ratio conditional probability density function 

𝑓𝐹 𝑅|𝑎 =𝑎,𝑅 =𝑅 𝐹𝑅|𝑎, 𝑅 =
𝑎
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• Integrate over instrument constraints for jth star in target list 

𝑃𝑗 𝑎, 𝑅 =
𝑎

𝑝𝑅2
 

𝐶3 − 𝐶1 + 𝐶2 − 𝐶4 𝑠𝑚𝑎𝑥 < 𝑎

𝐶2 − 𝐶1 𝑠𝑚𝑎𝑥 > 𝑎

0 𝑠𝑚𝑖𝑛 > 𝑎
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𝐶2 > 𝐶4 > 𝐶3 > 𝐶1 > 𝐶𝑚𝑖𝑛 

• If 𝐶𝑚𝑖𝑛 > 𝐶𝑖, 𝐶𝑖 = 𝐶𝑚𝑖𝑛 until satisfied 
 

• Depth of search given by sum of 𝑃𝑗 𝑎, 𝑅  over target list 

𝑆 𝑎, 𝑅 = 𝑃𝑗 𝑎, 𝑅

𝑁

𝑗=1
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Artist rendition of WFIRST (jpl.nasa.gov/spaceimages) 
 

Planet Parameters 

𝑟 =
𝑎 1 − 𝑒2

1 + 𝑒 cos ν
 

𝑠 = 𝑟 sin 𝛽 
Instrument Parameters 
𝑠𝑚𝑖𝑛 = 𝐼𝑊𝐴𝑑 
𝑠𝑚𝑎𝑥 = 𝑂𝑊𝐴𝑑 

• 𝛽 – star-planet-observer 
(phase) angle 

•   𝑑 – distance to star from 
observer 

Beta Pic image from [1] 

Probability density functions from [2] 

𝑓𝑠 ,∆mag 𝑠, ∆mag  from [2]. Color is log-scaled in powers of 10 of the probability density  

AU-1Δmag-1. 

Depth of search for 100 stars within 30 pc (𝑎 ∈ 1,40 AU, 𝑅 ∈ 0.5𝑅⊕, 2𝑅𝐽𝑢𝑝 , 𝑝 = 0.367, 

𝐼𝑊𝐴 = 0.129 as, 𝑂𝑊𝐴 = 0.443 as)  

Instrument Constraints 
𝐶𝑚𝑖𝑛 

∆mag𝑙𝑖𝑚= −2.5 log10 𝐶𝑚𝑖𝑛 
• 𝐶𝑚𝑖𝑛 - minimum contrast 

 

Planet Population 

𝐹𝑅 = 𝑝
𝑅

𝑟

2

Φ 𝛽  

∆mag = −2.5 log10 𝐹𝑅 
• p – geometric albedo 
• 𝑅 – planetary radius 
•Φ 𝛽  - phase function 

 

• Circular orbits:  
𝑒 = 0 ⇒ 𝑟 = 𝑎 ⇒ 𝑠 = 𝑎 sin 𝛽 
• Average geometric albedo:  
𝑝 = 𝑝𝑎𝑣𝑒 

• Phase function: Φ 𝛽 = cos4
𝛽
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• Flux Ratio: 𝐹𝑅 = 𝑝
𝑅

𝑎
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Depth of Search Computational Time 
Monte Carlo (1 billion samples) Hours 

Analytical Method Minutes 

Monte Carlo Minutes 

Analytical Method Seconds 


