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Introduction: Accurately gauging the fluid level in 

propellant tanks is crucial to keeping rockets and satel-

lites functioning properly. The knowledge of how 

much propellant is left and how long the unit can re-

main in orbit greatly adds to the productivity and mon-

etary return of such investments. With the increasing 

demands on space based assets and the cost associated 

with developing and launching new assets the need for 

faster and more accurate detection systems is para-

mount.  

Various gauging methods are in place today, in-

cluding bookkeeping, thermodynamics (PVT), and 

capacitive sensors. Various studies have been done to 

analyze the accuracy, computational time, and various 

other aspects of these methods.[1][2][3] 

Many of the hydrogen gauging methods in place 

today are either too inaccurate[3], or they require too 

much time and too many readings to get an accurate 

enough response[1]. One of the challenges for cryogen-

ic Hydrogen is that the density difference between the 

liquid and vapor is small resulting in similar responses 

to gauging methods. Photon sources and detectors 

coupled with a new approach to interpreting the data 

can be used to create a quick, accurate gauging system. 

This report analyzes this gauging technique using 

Monte Carlo N-Particle transport code (MCNP) and 

compressed sensing decompression methods.  

Model: The figure below shows the tank, sources, 

and detectors configuration. 

The propellant tank was modeled as a regular cy-

linder with spherical end-caps, with dimensions of 5 m 

inner diameter and 10 m inner height. The tank wall 

was 1 cm thick aluminum. The hydrogen was modeled 

with 0.0246 g/cm3 vapor density and 0.0380 g/cm3 

liquid density, with varying fill level. 

The detectors were all modeled as 5 cm radius 

spheres, and the gamma sources were modeled as isen-

tropic point sources. The sources emitted photons with 

four different energies: 0.001 MeV, 0.01 MeV, 0.1 

MeV, and 1.0 MeV. Each source emitted a different 

percentage of each energy, as shown in the following 

table. 
Source Photon Energy (MeV) 

Position 0.001 0.01 0.1 1.0 

Top 29% 17% 21% 33% 

 18% 39% 35% 8% 

 25% 25% 25% 25% 

 12% 12% 18% 58% 

Bottom 17% 7% 59% 17% 

     

Physics: The nuclear cross section is the accepted 

method to calculate and express interaction probabili-

ties. It depends on many complicated quantum mechan-

ic concepts, and thus is usually empirically derived. 

The following figure shows the gamma cross sections 

for hydrogen.[4] Note: the probability per interaction is 

dependent upon the cross section and the number den-

sity of Hydrogen atoms. 

The four source energies were chosen for their 

cross-section properties: 1.0 MeV has little relative 

interaction, 0.1 MeV has peak scattering, 0.01 MeV is 

close to equal scattering and absorption, and 0.001 

MeV is almost purely absorption. Pair production 

would unnecessarily complicate the analysis and thus 

the photon source energy didn’t exceed 1.0 MeV. Scat-

tering is generally preferred over absorption, as we 

want a wide array of energies detected from the system. 

Photons emitted into the tank will have a probability of 

interaction per unit path length resulting in a scattering 

event where the photon loses some amount of energy 

or an absorption event removing the photon from the 

system. The detectors measure number and energy of 

the photons passing though there volume. 

MCNP: The system was modeled using the dimen-

sions and properties from the Model section. Air was 

assumed to surround the tank and detectors, out to a    

6 m radius. The sources emitted photons with the pre-
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viously described energy spectra, with each source 

having the same net intensity.  

The detectors were set up as simple current detec-

tors: they counted the number of photons that enter the 

volume. The counts were divided into 1000 energy 

bins, with upper limits 0.001 MeV, 0.002 MeV, ..., 1.0 

MeV. This allowed for coarser re-binning during the 

compressed sensing analysis. The large number of bins 

result in several bins having zero or a small number of 

counts for the total counts tracked. These zeros indicate 

that the signal is sparse. 

As MCNP is a monte carlo program, each count in 

each bin has statistical error. This error is related to the 

square root of the counts. Thus with more bins, each 

bin has higher error (in the data library, not the predic-

tion method). To counteract this problem more source 

particles could be ran. However, due to the intense 

processing requirements of MCNP and time restraints, 

we were limited to 5x10
7
 source particles. To reduce 

error, either the number of bins needs to be decreased, 

or the MCNP needs to be ran with more particles. 

Compressed Sensing: A new technique for finding 

sparse solutions to underdetermined linear systems has 

been developed [5]. Compressed sensing (CS) takes 

advantage of the redundancy in many of interesting 

signals—they are not pure noise. In particular, many 

signals are sparse, that is, they contain many coeffi-

cients close to or equal to zero, when represented in 

some domain [6]. This approach is applicable to tank 

gauging systems where there are many signals (detec-

tors) and coefficeints (bin/photon energy) and several 

of the bins are close to zero. Previous solution ap-

proaches would require at least an equivelent number 

of measurements. CS allows a more tractable number 

of measurements and achieve excelent results.  

Results: Several MCNP runs using the previously 

mentioned model were carried out for propellant tank 

fill levels ranging from 0 to 100 percent full. A total 

number of photons were selected so all 41 runs could 

be carried out in a few hours. An example output is 

shown below, for fill level 32.5 and detector 1. Note 

that most of the 1000 energy bins have a value close to 

0,  with a small number of bins having more counts.  

 
A peak at the low energy bins has a maximum 

number of counts around 100. The error associated 

with the MCNP runs are on the order of 1 count per 

energy bin. MCNP runs for each fill level were carried 

out to form a library of 8000 feature variables (8 detec-

tors x 1000 energy bins) for 41 fill levels (0% to 

100%). For each fill level, the original signal plus an 

zero to 5 counts of randomly distributed error were 

used as the query. Using the approach outlined in [7], 

the query and library feature variables were projected 

down to a small set of metavariables. The minimimza-

tion problem that is solved results in a set of residuals 

between the query and library. This approach is more 

robust to noise with maximum performance associated 

with the amount of dimension reduction or compres-

sion utilized. The results are shown below. 

Conclusions: For almost the entire range of fills 

(>2.5%), the percent error between the signal slected 

from the algorithm and the actual fill level is less than 

the current state-of-the-art of approximately 5%. The 

sparsity of the detector response to the interaction of 

the photon source and the propellant allows us to take 

advantage of the new solution approach provided by 

CS. This approach allows one to create a library of 

known detector responses to a range of fill levels at any 

time. The actual detector response can then be com-

pared to this library quickly since the minimiza-

tion/comparison is done with a low dimensional repre-

sentation of the data. 
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