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Small Area Estimation

Probability samples are not sufficiently dense in
small watersheds
Need to incorporate auxiliary information (remote
sensing, GIS) through model

Problem:  High bias if model is misspecified



Battese, Harter, Fuller (1988)

where
i = 1,…,ng are the sites within small area g
αg ~ iid N(0, τ2) and εgi ~ N(0, σ2)

Standard Parametric Mixed Model with Site
Specific Auxiliary Data

giggigi xy ε+α+β′=



Battese, Harter, Fuller (cont.)
Small area mean is

Estimate by convex combination of model-based
prediction and survey regression estimator:

∑=θ gi
g

g y
N
1

( )[ ]
gg ss yˆxx)1(ˆx +β′−′ϕ−+β′ϕ



Semiparametric Model with Smooth Function

Adapting time series case from Zhang, Lin, Raz, and
Sowers (1988):

f(t) is a twice differentiable smooth function of time
αg ~ N(0, τ2)
εgi ∼ N(0, σ2)

)t(fBHF)t(fxy gigiggigigi +=ε+α++β′=



Smooth Function Representation
Impose the constraint f = Tδ + Ba where a is iid
N(0, ψ2I) (Green, 1987)
T is a matrix consisting of the coordinates of observed
locations in time (space)
B is constructed based on relative positions of observed
locations



Linear Mixed Model
Model can then be written as linear mixed model:

a ~ N(0, ψ2I)
αg ~ N(0, τ2)
εgi ∼ N(0, σ2)

giggigigigi abtxy ε+α+′+δ′+β′=



Prediction with Linear Mixed Model
Then,

Σ11, Σ12, and Σ22 are known up to some variance components
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Prediction with Linear Mixed Model

Using the form of composite estimator from BHF,
we get

for small ng, where     and     are the gls
estimates of β and δ, respectively.
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Future Work

Estimate variance components and smoothing
parameter
Compare results with

where U(t) is a correlated random process
(black-box kriging, Barry and Ver Hoef, 1996)

gigiggigi )t(Uxy ε++α+β′=
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