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Abstract 

Numerous algorithms have been developed to determine the source characteristics for an atmospheric 

radionuclide release, e.g., (Bieringer et al., 2017). This study compares three models that have been applied 

to the data collected by the International Monitoring System operated by the Comprehensive Nuclear-Test-

Ban Treaty Organization Preparatory Commission to estimate source event parameters. Each model uses a 

different approach to estimate the parameters.  A deterministic model uses a possible source region (PSR) 

approach (Ringbom et al., 2014) that is based on the correlation between predicted and measured sample 

values. A model (now called BAYEST) developed at Pacific Northwest National Laboratory uses a 

Bayesian formulation (Eslinger et al., 2019; Eslinger et al., 2020; Eslinger and Schrom, 2016). The FREAR 

model uses a different Bayesian formulation (De Meutter and Hoffman, 2020; De Meutter et al., 2021a; De 

Meutter et al., 2021b). 

The performance of the three source-location models is evaluated with 100 synthetic release cases for 

the single xenon isotope, 133Xe. The release cases resulted in detections in a fictitious network with 120 

noble gas samplers. All three source-location models use the same sampling data. 

The two Bayesian models yield more accurate location estimates than the deterministic PSR model, 

with FREAR having slightly better location performance than BAYEST. Samplers with collection periods 

of 3, 6, 8, 12, and 24-h were used. Results from BAYEST show that location accuracy improves with each 

reduction in sample collection length. The BAYEST model is slightly better for estimating the start time of 

the release. The PSR model has about the same spread in start times as the FREAR model, but the PSR 

results have a better average start time. 

The Bayesian source-location algorithms give more accurate results than the PSR approach, and 

provide release magnitude estimates, while the base PSR model does not estimate the release magnitude. 

This investigation demonstrates that a reasonably dense sampling grid will sometimes yield poor location 

and time estimates regardless of the model. The poor estimates generally coincide with cases where there 

is a much larger distance between the release point and the first detecting sampler than the average sampler 

spacing. 

 

Highlights 

• Compare performance of three source-location algorithms using synthetic atmospheric samples 

• Two Bayesian source-location models have quite similar results 

• The Bayesian models give more accurate location estimates than a deterministic probable source 

region model 

• Even a reasonably dense sampling grid sometimes yields poor location and release time estimates 

• Shorter sample collection periods provide better location accuracy than longer periods 

 

1. Introduction and background 

 

The Comprehensive Nuclear-Test-Ban Treaty (1996) bans all nuclear explosions anywhere in the 

world. As of July 2023, 178 states have ratified the treaty, but more states must ratify it for the treaty to 

enter into force. The Preparatory Commission (CTBTO PrepCom, 2022) for the Comprehensive Nuclear-

Test-Ban Treaty Organization (CTBTO) was also established in 1996 to build a global verification regime, 

the International Monitoring System ( IMS) that will monitor treaty compliance when the Treaty enters into 

force. The IMS operates, or plans to operate, atmospheric radionuclide samplers at 80 locations around the 



PNNL-SA-192017 (Submitted to Journal of Environmental Radioactivity)  - 2 

 

world. All 80 of the locations will have equipment to measure radioactive isotopes on airborne aerosols and 

half of them will also sample for noble gases, specifically 131mXe, 133Xe, 133mXe, and 135Xe. 

This study uses synthetic release data to examine the empirical performance of three source-location 

algorithms used by analysts to make inferences from IMS atmospheric radioisotope samples. Of course, 

these three models are a subset of the many different published approaches (Bieringer et al., 2017; Fleming 

et al., 2012; Hutchinson et al., 2017; Rao, 2007; Redwood, 2011). The comparison considers only the 

isotope 133Xe and estimates of the location (latitude and longitude), magnitude, and start time of the release. 

The first model (BAYEST) uses a Bayesian formulation (Eslinger et al., 2019; Eslinger et al., 2020; 

Eslinger and Schrom, 2016). The second model, Forensic Radionuclide Event Analysis and Reconstruction  

(FREAR) uses a different Bayesian formulation (De Meutter and Hoffman, 2020; De Meutter et al., 2021a; 

De Meutter et al., 2021b). The third model uses a possible source region (PSR) approach (Ringbom et al., 

2014) that is based on the correlation between predicted and measured sample values.  

 

2. Approach and models 

 

Few controlled atmospheric release experiments are available, so the performance of the three source-

location models is evaluated with 100 synthetic release cases. The analysis of each release case is 

considered independent of the other release cases, thus there is no overlap in the released plumes. The 

release cases resulted in detections in a hypothetical sampling network. All three models use the same 

sampling data in the analysis.  

 

2.1. Release and sampling locations  

 

A fairly dense sampling network is desired so that most releases will result in detections at more than 

one sampler. Choosing a constrained region will result in some releases exiting the region with no 

detections. The experiment design only considered releases that resulted in at least two detections. 

A hypothetical network of 120 samplers was defined in the 48 contiguous states in the United States of 

America. The sampler locations are denoted by filled circles in Fig. 1. Then, 100 release locations were 

randomly selected inside the 48 contiguous states. The release locations are denoted by stars in Fig. 1. 

Finally, a release start time was selected randomly between January 15 and December 15, 2021, for each 

release event. Even though several of the release locations shown in Fig. 1 are close to each other, the 

releases occurred at different times and under different meteorological conditions. Each release occurred at 

ground level and lasted 3 h at a constant release rate. The total amount released for every event was 

8.92×1012 Bq of 133Xe. This amount is two to three orders of magnitude larger than the typical daily emission 

by a nuclear power plant, but some medical isotope production facilities emit up to two orders of magnitude 

more than this much 133Xe in a day (Kalinowski, 2023). The exact magnitude of the release is immaterial 

for this study using synthetic releases, provided that it is large enough to produce detections at several 

samplers. 

 

2.2. Atmospheric transport modeling  

 

Atmospheric transport of the simulated release quantities was modeled using the Hybrid Single-Particle 

Lagrangian Integrated Trajectory (HYSPLIT) model (Stein et al., 2015) maintained by the National Oceanic 

and Atmospheric Administration (NOAA). The transport runs were performed on the Linux version 

(revised in 2021) of HYSPLIT. The top of the atmospheric model domain was set to 10,000 m above ground 

level and the model used 45 vertical layers. Wet and dry deposition mechanisms were deactivated for the 

transport runs because xenon is a noble gas and its concentration in air typically does not depend on rainout 

or deposition processes (Grochala, 2007). Default model parameters (Draxler et al., 2020) were used for 

HYSPLIT. 
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Fig. 1. Radionuclide sampler and release locations. 

 

 

The transport model used archived global meteorological data on a 0.25-degree spatial grid and a 3-h 

time resolution (GFS, 2020). The 3-h releases were simulated using a ground-level point source and 5×106 

particles. To support post-processing concentrations, atmospheric dilution factor data were output each hour 

on a 0.125° latitude-longitude grid for 144-h (6-d) after the start of the release. Dilution factors were 

averaged over the bottom 100 m of the atmospheric column. These data were then interpolated to specific 

sampler locations. 

 

2.3. Sampler characteristics 

 

Several designs of noble gas samplers are operational in the IMS. The Swedish-designed (SAUNA-II) 

system (Ringbom et al., 2003) uses a 12-h collection period. The next-generation Swedish-designed 

(SAUNA III) system (Ringbom et al., 2017), now in use at a few stations, uses a 6-h collection period. The 

currently-deployed French-designed SPALAXTM system (Fontaine et al., 2004) uses a 24-h collection 

period. The next-generation French system, (Topin et al., 2020) denoted by SPALAX NG has a variable 

collection time, but performance results have been published for an 8-h collection time. The American-

designed Xenon International system uses a 6-h collection period (Brander et al., 2022). The currently-

deployed Russian designed ARIX system (Dubasov et al., 2005) uses a 12-h collection period. 

For this analysis, synthetic samples for every release were developed for samplers with 3, 6, 8, 12, and 

24-h collection periods. No sampler in the IMS currently uses a 3-h collection period, but the analysis 

presented here uses samples developed for a 3-h collection period. This study focuses on comparing the 

different source-location algorithms, rather than sampler differences other than the length of the collection 

period; thus, each sample used a detection limit of 0.15 mBq/m3. 

 



PNNL-SA-192017 (Submitted to Journal of Environmental Radioactivity)  - 4 

 

2.4. Atmospheric transport for individual samples 

 

All of the source location models use the effective atmospheric dilution factors between each sample 

and the suite of possible times and locations where the release might have occurred. This analysis used 

time-reversed atmospheric transport runs that start with a unit release over the sample collection period and 

go back in time to generate the dilution factors. Using this approach, only one atmospheric transport run is 

needed for each sample (Hourdin and Talagrand, 2006; Hourdin et al., 2006; Rao, 2007; Stohl et al., 2002). 

For forward-time atmospheric runs, it is necessary to run a separate model for every release time and 

location of a release that will be considered, although other methods can be utilized, e.g., (Rosenthal et al., 

2022). However, it can be prohibitively expensive to do all the calculations. 

The atmospheric transport runs for each sample used the HYSPLIT code and the same meteorological 

data set (GFS, 2020) as the runs used to generate the synthetic samples. However, these runs only used 106 

particles. Even with the reduced number of particles, and ignoring most of the samples with no detections 

of 133Xe, computing this suite of time-reversed atmospheric transport model runs took more than 2 months 

on a dedicated computer system with 168 cores. After the samplers with detections were identified, another 

eight samplers without detections were included. These eight were chosen to be the closest samplers (in 

distance) to the samplers with detections. The general thought was that these samplers without detections 

help define the outer boundaries of the plume resulting from the release.  

 

2.5. Source-location models 

 

The mathematical formulations of the source-term estimation models are extensive, so they are not 

replicated in this paper. The mathematical formulation for BAYEST is given in Section 2.3 of Eslinger et 

al. (2020). The underlying mathematics for FREAR is provided in Section 3 of De Meutter and Hoffman 

(2020). The PSR approach is briefly described in Section 5.1 of Ringbom et al. (2014). 

Both BAYEST and FREAR are Bayesian models, so the user must specify a prior distribution on the 

model parameters (e.g., release time, location, magnitude, and duration). Uniform prior distributions were 

used for these parameters. Realistic limits on the uniform distributions were imposed. For example, the 

release location was constrained to a box containing the United States, and the release time was in the 36 

hours before the time of the first detection. 

All three source-location models used outputs from the same atmospheric transport model runs to 

collect atmospheric dilution factors in what is sometimes called a source-receptor matrix. The PSR 

approach uses a correlation approach without tunable parameters. However, both BAYEST and FREAR 

need the uncertainty in the sampled concentrations. The uncertainty models are different, but the authors 

attempted to use consistent uncertainty levels. For example, the sample data uncertainty for both models 

used the maximum of the sample minimum detectable concentration and 15% of the sample concentration. 

These values are in the range of uncertainty for current sampling techniques. 

 

3. Results 

 

This section contains summary comparisons of the location, time, and magnitude accuracy of each of 

the source-location algorithms. 

 

3.1. Release location results 

 

The first location result uses the distance (in km) between the release location and the best single 

location predicted by the model. The Bayesian formulation in the BAYEST and FREAR models calculate 

the 5-dimensional posterior probability distribution for the source parameters (latitude, longitude, 

magnitude, start time, stop time or duration). However, each model outputs summary information on the 

marginal distributions for individual parameters rather than the entire distribution. Thus, comparisons use 

different statistics. For FREAR, the best location is chosen using the mean value of the posterior latitude 
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and longitude probability distributions. For BAYEST, the best location is chosen as the location of the 

(latitude, longitude, start time, release length, magnitude) combination that results in the largest likelihood 

ratio (highest posterior probability). For PSR, the best location is chosen as the location that results in the 

highest correlation between the measured and modeled samples. The BAYEST and PSR models do a grid 

search in their solutions, where the grid uses 0.05° increments (approximately 4 km in the east-west 

direction and 5 km in the north-south direction). The FREAR model treats location as continuous in latitude 

and longitude. 

The set of offset distances for each model is shown in Fig. 2. Each of the 100 values for the individual 

models are the average of the results using 3, 6, 8, 12, and 24-h collection periods. A perfect model would 

show as a vertical line at an offset of zero km. The FREAR model is slightly better than the BAYEST 

model, but both Bayesian models are substantially better than the PSR model. For example, only 40% of 

the PSR cases have a location offset of 100 km or less. By comparison, 66% of the BAYEST and 74% of 

the FREAR cases have a location offset of 100 km or less. 

 

Fig. 2. Comparison of the distance (in km) between the modeled release locations and the predicted release 

locations for the three source-location models. Each of the 100 values for the individual models are the 

average of the results using 3, 6, 8, 12, and 24-h collection periods. A perfect model would show as a 

vertical line at an offset of 0 km. 

 

The set of offset distances between the modeled release location and the predicted release location for 

the BAYEST and FREAR models is shown in Fig. 3 for each of the 3, 6, 8, 12, and 24-h collection periods. 

The average curves shown in Fig. 2 indicate that the BAYEST and FREAR models have very similar 

average performance. However, the BAYEST model shows consistently better location performance for 

shorter collection periods than for longer collection periods. The FREAR model shows similar performance 

for predicted locations within 100 km of the release location, but consistently poorer performance than 

BAYEST outside of 100 km when the collection period is less than 8 h. The reason for this somewhat 

unexpected difference is not known. 
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Fig. 3. Comparison of the distance (in km) between the modeled release locations and the predicted release 

locations for the BAYEST (top pane) and FREAR (bottom pane) source-location models for the sampling 

data using 3, 6, 8, 12, and 24-h collection periods. A perfect model would show as a vertical line at an offset 

of 0 km. 

 

The data in Fig. 2 and Fig. 3 are based on point estimates of the release location. The Bayesian models 

calculate a probability distribution for the release location. Fig. 4 shows the posterior probability that the 

predicted release location is within 100 km of the modeled release location for the BAYEST source-location 

model for the sampling data using 3, 6, 8, 12, and 24-h collection periods. It is desirable to have a high 

probability that the predicted release location is within 100 km of the modeled release location; thus, the 

best possible performance for this metric would be a vertical line on the right side of the plot probability 
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1.0. This plot shows a consistent degradation in the posterior probability estimates as collection periods 

lengthen from 3-h to 24-h. If each curve is summarized by an average value, for 3, 6, 8, 12, and 24-h 

collections, respectively, the average posterior probabilities the release is within 100 km of the true release 

point are 0.602, 0.533, 0.458, 0.399, and 0.275. 

There is evidence that shorter collection time periods, such as  6, 8, or 12- h, rather than 24-h, improve 

network performance (Eslinger and Miley, 2022; Eslinger et al., 2023) in detecting that a release has 

occurred. The current work expands on that body of evidence using the source-location estimation codes 

rather than simply demonstrating that shorter collection periods should result in more samples with 

detectable concentrations. 

 

Fig. 4. Posterior probability that the predicted release location is within 100 km of the modeled release 

location for the BAYEST source-location model for the sampling data using 3, 6, 8, 12, and 24-h collection 

periods. The best possible performance for this metric would be a vertical line on the right axis at probability 

1.0. 

 

Fig. 3 shows that between 50% and 75% of the release cases result in a location estimate that is within 

100 km of the modeled release location, depending on the choice of sampler collection period length and 

the source location model. As shown in Fig. 1, this study uses 120 samplers in the continental United States. 

The sampling network has a minimum spacing of about 200 km, and an average distance to the three closest 

neighbors of about 280 km. As noted in the introduction, the IMS uses 80 radionuclide samplers over the 

entire globe. However, the IMS was initially designed to have a high probability of detecting releases from 

a 1 kt nuclear explosion (IMS Expert Group, 1995) rather than attempting to use the radionuclide samples 

to locate the release point. The releases in this study were about 3 orders of magnitude smaller than the 

initial 133Xe release value considered for the design of the IMS, and every release was detected multiple 

times in the fictional sampling network. 

In general, the forward-time and reversed-time atmospheric transport runs do not yield identical dilution 

factors (Eslinger and Schrom, 2019) but they are close in many cases. In other cases, they may differ 

significantly, especially over mountainous terrain. Thus, one possible reason for poor location performance 

is the difference in the atmospheric transport runs that produced the synthetic sampling data (which used 

the time-forward mode) and the runs used to develop dilution factors for the source-location models (which 

used the time-reversed mode). 

Another major reason the predicted release location is sometimes poorly estimated is the spatial 

relationship of the air-borne release plume and the sampling stations. One such case is illustrated in Fig. 5 

using 6-h sampling data. The maximum value of the release plume skirts the four closest sampling locations, 

results in single samples near the detection limit at two other sampling locations, and the first “strong” 
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sample concentration is obtained about 1100 km from the release location. A comparison for the location 

discrepancies for each of the models is provided in Table 1 for this release case. FREAR does a little better 

for this case, but the results are highly variable. 

 

Fig. 5. Trace of the maximum surface-level concentration of 133Xe for plume movement for 30 hours after 

the release. The plume skirts the closest samplers and registers the first strong concentration in a sampler 

1100 km from the release point. The BAYEST and FREAR models pick a release point on the order of 200 

km in error using 6-h sampling data.  

 

Table 1 

Delta location (km) between release point and estimated release point for one release case where the 

released plume skirts the closest samplers. 

Sampling  

Period (h) BAYEST PSR 

 

FREAR 

3 280 317  32 

6 228 228  199 

8 74 74  83 

12 165 165  233 

24 278 278  147 

 

3.2. Release time results 

 

An event time metric uses the time difference (h) between the release start time and the best release 

start time predicted by the model. The codes output different summary statistics, so slightly different 

measures of the release time are used. For FREAR, the best time is chosen using the mean value of the 

posterior release start time probability distribution. For BAYEST, the best time is chosen as the time 

associated with the largest likelihood ratio (highest posterior probability). For PSR, the best time is chosen 

as the release start time that results in the highest correlation between the measured and modeled samples, 

using the joint location-time solution. The set of release start time discrepancies for each model is shown 
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in Fig. 6. Each of the 100 values for the individual models are the average of the results using 3, 6, 8, 12, 

and 24-h collection periods. 

A time offset of 0 is a perfect match. Negative times in Fig. 6 indicate a release start time that is before 

the release event start time. Using this metric, the BAYEST model performs the best, with only 3 cases out 

of 100 with average start times more than 12 hours in error, compared to 9 cases for the PSR model and 15 

cases for the FREAR model. The PSR model has about the same spread in delta times as the FREAR model, 

but the PSR results have an average value of -0.1 h while FREAR has an average value of -5.4 h. The 

BAYEST model has an average delta time of -0.6 h. Part of the different between FREAR and the other 

models may be due to comparing different statistics (mean value versus value from highest posterior 

probability). 

 
Fig. 6. Comparison of the time offset (h) between the modeled release start times and the predicted release 

start times for the three source-location models. Each of the 100 values for the individual models are the 

average of the results using 3, 6, 8, 12, and 24-h collection periods. A time offset of 0 is a perfect match. 

 

The mean and standard deviation of the time offset (h) between the modeled release start times and the 

predicted release start times for the three source-location models are provided in Table 2 for different 

sample collection lengths. On average, BAYEST has a smaller offset time and lower standard deviation, 

but different models have better performance in different sampling collection times. The smallest bias on 

the release time estimate occurs for the medium length sampling periods, while naively, one would expect 

the smallest bias for the shorter sampling times. More work is needed to advance a reason for this result. 

 

Table 2 

Means and standard deviations of the time offset (h) between the modeled release start times and the 

predicted release start times for the three source-location models. The statistics for each collection period 

length are based on 100 release events. 

 BAYEST PSR FREAR 

Collection Mean St. Dev. Mean St. Dev. Mean St. Dev. 

3-h -1.38 4.97 1.44 10.34 -5.94 8.32 

6-h -1.21 5.92 1.04 9.88 -5.02 7.83 

8-h -0.38 6.48 0.04 9.24 -4.86 7.21 

12-h -0.12 6.05 -0.32 9.65 -4.72 6.51 

24-h -0.41 8.89 -2.69 12.31 -6.39 6.88 

Average -0.57 4.65 0.25 7.01 -4.87 6.39 
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3.3. Release magnitude results 

 

Fig. 7 shows a comparison of the estimated release magnitudes for the three source-location models. 

The BAYEST and FREAR models develop the posterior probability distribution for the release magnitude 

but output different summary statistics, so slightly different measures of the release magnitude are also 

used. For FREAR, the best magnitude is chosen using the mean value of the posterior magnitude probability 

distribution. For BAYEST, the best magnitude is chosen as the magnitude associated with the largest 

likelihood ratio (highest posterior probability). The PSR model uses a correlation approach where the 

magnitude cancels out, so the estimation process does not produce a magnitude. For purposes of this 

analysis, a magnitude is assigned to the results from PSR using a two-step approach. First, the location and 

time that gives the highest correlation is selected. Then, the magnitude is selected so that the average value 

of the predicted sample values is the same as the average value of the measured sample values. 

 

 
Fig. 7. Comparison of the estimated release magnitudes of 133Xe (Bq) for the three source-location models. 

Each of the 100 values for the individual models are the average of the results using 3, 6, 8, 12, and 24-h 

collection periods. The released amount was 8.92×1012 Bq. 

 

The estimated magnitudes for the BAYEST and FREAR models are very similar. Both generally appear 

to be too high compared to the release amount of 8.92×1012 Bq. However, about 95% of the cases are within 

an order of magnitude of the release amount, shown by the vertical dashed line in Fig.7 The results from 

the modified PSR method are reasonable for some cases, though 34% of the magnitudes are more than an 

order of magnitude too large, and 6% of the cases are more than 3 orders of magnitude too large. 

 

3.4. High-probability (plausible) intervals 

 

The BAYEST model can output plausible intervals that are designed to contain the actual release start 

time and magnitude with a high level of certainty. This section discusses the accuracy of the uncertainty 

interval rather than the accuracy of the time and magnitude estimates. Specifically, these runs were set to 

produce 95% plausible intervals. For magnitude, 85% of the 500 plausible intervals included the release 

magnitude. This suggests that the 95% plausible intervals for magnitude produced by the code are slightly 

too narrow because wider intervals would include the release magnitude more often. For the release start 

time, 92% of the 500 plausible intervals included the release start time, so the 95% plausible intervals for 

the start time are approximately correct. The BAYEST code doesn’t currently have a function to produce 
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an output that is comparable to a simple plausible interval on location, although it can calculate the 

probability that the estimated release location is within a specified distance from a known release location. 

The FREAR model outputs the 2.5% and 97.5% levels of the parameter distributions, which is 

equivalent to a 95% plausible interval. For magnitude, 63% of the intervals for magnitude included the 

actual release magnitude. For the release start time, 61% of the intervals included the release start time. For 

location, 53% of the implied plausible intervals for location included the release location. Thus, the 

plausible intervals for location, time, and magnitude seem to be too narrow. 

 

4. Discussion and conclusions 

 

A large numerical experiment with 100 synthetic release cases and a fictitious network of 120 samplers 

distributed throughout the United States with an average minimum spacing of 280 km was used to compare 

the performance of three source-location models. The three algorithms are BAYEST, FREAR, and PSR. 

Each of the 100 release cases were evaluated using samples with 3, 6, 8, 12, and 24-h collection periods. 

The BAYEST and FREAR source-location algorithms had very similar performance, with FREAR 

slightly better on the location estimates while BAYEST was slightly better on the release start time 

estimates. The PSR model was not as good as either Bayesian model on location estimates but was in the 

middle of the three models on release start time estimates. The two Bayesian models had very similar 

performance for the release magnitude estimates. The PSR model does not directly provide a release 

magnitude estimate, and a modification matching the average sample concentrations gave poor results for 

more than half of the release cases. Different model formulations might provide better overall magnitude 

estimates for a PSR-like model. 

Other simulation studies have indicated that collection time periods shorter than 24-h improve the IMS 

network performance (Eslinger and Miley, 2022; Eslinger et al., 2023) for detecting the occurrence of 

releases. This study further shows, in Fig. 4, that shorter collection periods provide more accurate release 

location estimates. 

As shown in Fig. 2 and Fig. 6, many release cases had large location or time discrepancies when 

compared to the simulated release events. Examination of several cases with the poorest performance all 

showed wind patterns where the release plume bypassed the closest samplers and moved a large distance 

before it encountered a sampling location. 

Overall, the two Bayesian models provided better solutions than the PSR model. Even though the PSR 

model was competitive on the release start time analysis, as shown in Fig. 6, it is not as good on the release 

location estimates. For example, 50% of the FREAR cases were within 68 km of the release location. 

Similarly, 50% of the BAYEST cases were within cases 72 km, while 50% of the PSR results were within 

113 km of the release location. 

For this study, the PSR model was the easiest of the three methods to implement and run. Unfortunately, 

the PSR model doesn’t have an integrated release magnitude algorithm. In situations where a release 

magnitude estimate is desired, one could employ a Bayesian model, or use the PSR results on location and 

time as starting points for a more complex release estimation model. 

Even a reasonably dense sampling grid will sometimes yield poor location and time estimates and the 

poor estimates are not unique to a particular model. The poor estimates generally coincide with cases where 

there is a much larger distance between the release point and the first detecting sampler than the average 

sampler spacing. This is a significant source of error in each method, with approximately 30% of the cases 

for BAYEST and FREAR having a location error of 100 km or more, while the PSR method has a 30% 

chance of a location error of about 160 km or more. While this simulation study found consistent 

performance between the FREAR and BAYEST algorithms, results may vary for other geographies, 

climates, and sampler densities. 
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