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Introduction

Plant-capture methods estimate homeless population size H using a single sampling
occasion and marked “plants” M , whose reported target status may be uncertain
(Yes/Maybe/No) [1, 2, 3]. We develop three models to address uncertain plant cap-
tures, partial interview identification, and site-class heterogeneity.

Figure 1. Schematic of plant-capture sampling: introducing indistinguishable plants (M ) into the
target population (H).

Model Mbasic: Basic Framework

(Myes, Mmb, Mno) | M ∼ Multinom(M ; pyes, pmb, pno) (1)

Mmb,c | Mmb ∼ Binom(Mmb, pc|mb) (2)
Hc | H ∼ Binom(H, pc) (3)

Y = Myes + Mmb,c + Hc. (4)

Assumption: pc|mb = pc =⇒ pyes = pc(1 − pmb), pno = (1 − pc)(1 − pmb).

Captured Not Captured

Maybe Mmb,c Mmb − Mmb,c

NotMaybe M yes Mno

Table 1. Partitioning of plant counts under the basic model.

Model Mid: Partial Identification

When some individuals are identified via interview:

(M i, Myes, Mmb, Mno) | M ∼ Multinom(M ; θII) (5)

Mmb,c | Mmb ∼ Binom(Mmb, pc|mb,ni) (6)
Hc | H ∼ Binom(H, pc) (7)

Hi | Hc ∼ Binom(Hc, pi|c) (8)

Y = M i + Myes + Mmb,c + Hc. (9)

Assumption (non‐identified): pc|mb,ni = pc(1 − pi|c)/{pc(1 − pi|c) + (1 − pc)}.

Captured Not Captured

Identified M i

Maybe Mmb,c Mmb − Mmb,c

NotMaybe M yes Mno

Table 2. Partitioning of observed and latent plant counts under capture status uncertainty.

Model Mclass: Site Heterogeneity

To account for the heterogeneous catchability between sites due to factors such as
visual barriers, drug activities, time constraints, or enumerator behavior:

(M i
k, M

yes
k

, Mmb
k , Mno

k ) | Mk ∼ Multinom(Mk; θIII,k) (10)

M
mb,c
k

| Mmb
k ∼ Binom(Mmb

k , p
c|mb,ni
k

) (11)

Hc
k ∼ Binom(Hk, pc

k) (12)

Hi
k ∼ Binom(Hc

k, pi|c) (13)

Yk = M i
k + M

yes
k

+ M
mb,c
k

+ Hc
k. (14)

Assumption: p
c|mb,ni
k

= pc
k(1 − pi|c)/{pc

k(1 − pi|c) + (1 − pc
k)}, for k = 1, ..., K .

Estimation Methods

Frequentist: Maximum Likelihood Estimation

ForModelMclass, theMLE of parameters of interest can be obtained directly. For
ModelsMid andMclass, the models can be written in a general form:

L(X|γ) =
∑
Z∈Ω

L(X, Z|γ),

where γ represents parameters, X represents data, and Z represents latent vari-
ables. By summing over Z ∈ Ω, we efficiently remove latent variables from the
likelihood.

Bayesian: MCMC & Uncertainty Propagation

MCMC via JAGS [4]:

Priors: p ∼ Uniform(0, 1) for probabilities;H ∼ Log-normal(0, 100).
Setup: 3 chains, 30,000 iterations, 15,000 burn-in.

Bayesian Normal Approximation:

π(γ|x) ∝ π(γ)
∑
Z∈Ω

L(X, Z|γ)

Uncertainty Propagation forH :

H|Hc, pc ∼ N
(
Ĥ0, Ĥ0(1 − pc)/pc

)
,

where Ĥ0 = Hc/pc is a variant of theMLE forH [5].

Simulation Results

Model Method Avg RBias RRMSE CP

Mbasic
MLE 149 -0.01 0.24 0.85

MCMC 159 0.06 0.24 0.97

Mid
MLE 150 0.00 0.22 0.88

MCMC 159 0.06 0.22 0.97

Table 3. Small City Scenario (M = 15, H = 150).

Model Method Avg RBias RRMSE CP

Mbasic
MLE 1,497 -0.00 0.08 0.93

MCMC 1,513 0.01 0.08 0.94

Mid
MLE 1,498 -0.00 0.07 0.93

MCMC 1,512 0.01 0.07 0.94

Table 4. Large City Scenario (M = 100, H = 1500).

Application: 1990 S-Night Survey

Reconstructing homeless population sizeH for 5 U.S. cities using modelMid [6, 7]:

MCMC MLE

City Estimate (95% CrI) Estimate (95% CI)

New York 1,709 (1,494, 2,056) 1,688 (1,450, 1,964)

NewOrleans 70 (61, 87) 69 (58, 82)

Phoenix 102 (87, 135) 98 (80, 120)

Los Angeles 290 (233, 415) 282 (215, 372)

Chicago 37 (11, 156) 54 (13, 217)

Table 5. Estimated population sizeH with 95% intervals.

Discussion & Conclusions

Policy Implications

Accurate quantification of vulnerable populations is instrumental in shaping gov-
ernmental policies and housing provisions. Our framework provides a robust tool
for evaluating public health interventions despite data uncertainty.

Methodological Considerations

TheMAR assumption is a crucial identifying restriction for “maybe” responses. We
recommend applying Mclass primarily when sufficient plant samples are available
in each stratum to ensure estimator precision.

Future Directions

Future refinements could incorporate spatio-temporal components usingGPSdata
from mobile applications to account for mobility. Additionally, hierarchical priors
can relax strictMARassumptionsby treating captureprobabilities as exchangeable.
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