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Smaller, local steps
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Experiments on Simulated Data
Baseline parameters: R = 20 sites & T = 6 visits. True Population 107

e All methods exhibit a A-p
tradeoft. overestimating lambda
leads to underestimating p

e Method 4 achieves the lowest
population error (AE=292.),
outperforming NIMBLE (AE =

32.72).

Table 1: Results on Simulated Data

Estimated Values

Method A P Population
NIMBLE 6.96 022 139.72

1 774 020 15442

2 1048 0.13 213.23

3 6.66 020 138.12

4 394 038 77.80

5 897 0.15 179.64
Ground Truth 5.00 0.25 107.00

Experiments on Real World Data

Mallard data from the 2005 Swiss Survey of common birds.
Parameters: 191 sites, 3 visits, 85.697% zero observat/ons

e Custom methods overestimate
population. Our methods assume
global A and p

e Best: Method 1 makes broad,
uniform sweeps, better explore
the posterior under sparse
conditions, while RW gets stuck in
low density regions
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Population Estimates while varying Sites vs Visits

Estimated Population over Number of Sites Estimated Population over Visits
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e More visits — better estimates? W
convergence to true total abundance did .

not occur, likely due to a sampling
Limitation.
Best Overall: Method 4 component wise updates improve acceptance rate

and stability. Future direction: component-wise version of Method 5.

Ove ral_l Fi nd i ngs L0'35_ Error of Detection Probability by Number of Sites
e Performance depends heavily ondataand ;. \\/

Conclusion

Ecological Research Connection.
Sparse data is common Iin ecological studies, but models
want more data, specifically more detections.
- Detections are more informative than non-detections,
truncation of search space

Future Directions
1. Update Sampling Methodology

Table 2: Results on Mallard Dataset

Estimated Values

Method A D Population
NIMBLE 035 0.62 67.23

1 250 0.10 473.0

2 534 0.04 983.09

3 577 0.30 948.0

4 3.80 0.06 720.46

5 4.80 0.37 907.09

- Tailoring to sparse data: Adding truncations to uniform
oroposals “prior knowledge”

- More advanced MCMC.: Slice, Adaptive MH,
Hamiltonian

2. Adding State and Detection Covariates to Aand P
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