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Motivation and intuition
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With spatial partitioning (SP), the spatial domain A is
partitioned into D subregions A.,... . Ap.

To get a sparse X2, SP assumes independence between
observations across regions, so that a block-diagonal structure
for 22 is obtained as follows:

[y O o --- 0
0 35 0 .. 0
3 = . .
| D 0 mmim. wEE Dy |
where >, and Z_C?Zl g = N

7o g XK K
En route to obtaining a sparse covariance matrix 22, SP uses

fixed rank Kriging (FRK) to reduce the dimensions of matrix
inverses from N x NV to K x K for K < N.
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Motivation and intuition cont’d.
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Partitioning into equal areas creates partitions of equal size.

Partitioning by hierarchical clustering on spatial gradients:
cluster/partition boundaries follow lines of high change in the
observations across space A, i.e. the data inform the
partitions (Heaton et al., 2017).

Partitioning by centroid clustering: data is partitioned by
defining a set of centers ¢ = [¢1,...,cps] that divide A into
M distinct regions Ry, ..., Rar; all of the points x; € R; are

closer to c; than to any otherc; € A, 72 # j (Kim et al., 2005).

Treed-regression partitioning works by recursively making
binary splits of the data according to a specified rule (Konomi
et al., 2014). Mixture model partitioning works by specifying
the response variable and its associated model as region- and
individual-specific (Neelon et al., 2014).
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Visual examples

Figure: Treed partitioning (Source:
Krauss, Wikipedia)

Figure: Equal area partitioning
(Source: Robert Nystrom,

gameprogrammingpatte rns.com)
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The nitty gritty

» Base FRK model:
Y (si) = pu(si) +w(s;) + &(si) + e(s3i),
where 11(s) = X (s5;)'8 and £(s;) ~ N (0,02) is an i.i.d.

measurement error.

» Assume K basis functions h(s;) = [hi1(s;), ..., hrx(s;)]” with
coefficients w* = [w7, ..., w}| such that
w(s) = w(s;) = f‘:l g { S Yy, N&g €.0K,

» SP splits the resulting FRK model
Y =XB8+Hw*+ &+ ¢
across the D subregions so that each region is modeled by
Yq=XagB +Hagw* + &4 + &4,

where H,; contains the spatial basis functions from FRK.
g > K
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The nitty gritty cont'd.

» SP allows 8 and w* to be the same across all subregions
Ag € A, which permits smoothing of estimates across
subregions.

» The FRK model used for SP assumes w* ~ N (0, X« «(80)),
£ ~ N (O, aéW) and € ~ N (0,02), where Zw~(0) is w*'s
covariance matrix, W is a fixed diagonal weight matrix, and @
consists of parameters o2 and ¢ to be estimated.

» SP captures FRK’'s advantage of having K x K matrices to
invert (/X < V) while further speedmg up computation by
allowing the inverse of each region’s covarlance matrix 3, to
be computed individually to find 2
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Implementation details

. R PaCkageS: ge0R1 rdiSt! tidyverse1 para”el | EVI_SpatialPartitioning_group4_Mid...* f;.-cl;A.;e.rpanitiun,.F.! = 0I-;IusteringRFunctions,R

. . . S B Q| e Knit v - @ ins
. GItHUb repOSIto ry- 94 ## Implementing the model for each of the increasing training samples

95 =1

https://qgithub.ncsu.edu/mcarbaj/SpSt Midterm2 - for ¢ i 1nteso

a7 train<-evi_all[g<=i & g!=0,]

93 train<-na.omit(train)

L Tunlng parameterS 99 names(train)<-c("Lon”,"Lat","¥")
) L. . 100 dato-:—n.-'mnd(tn_ni'_utest) _ n
Type of clustering partition: Equal area (+ Centroid) I i iiimoranoms o e e
103 # Location covariates

Size of par‘[itions: 4 (9 25) 104 X <cbind(datasLon,datasLat)
! 105 summary(lm(Y-X+as. factor(cluster),data=data))ir.sq
106 # Sorting data for training and testing

187 train<-data[l:nrow(train),]

Training samples 108 rownames( train ) < NULL
(thousands) Test:ng sa n;ples ﬁ; ::::;m::atg:o:&m;ﬂiin nrowdatar, !
® (thousands) 111 testSpred <- testsY

\\-\_ O O O 112 testipred.se <- @
ko 113 # MLE parameters estimation
. . \\\ o O O 114 = comp.time_train <- system.time({
e TS

115 - for(j in 1l:n.grps*2){

116 clust.obs <- which(trainicluster==j)
MSE 117 clust.test <- which(testicluster==3)
<D 118 if (is_empty(clust.obs)==TRUE) next
119 - else {
COVER 120 trainj<-train[clust.aobs, ]
COR 121 testj<-train[clust.test,]
122 Xx<-X[clust.obs,]
123 Xy<-X[clust.test,]
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https://github.ncsu.edu/mcarbaj/SpSt_Midterm2
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Semivariance

Semivariogram fitting parameters
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Applying the Method
With each additional training the amount of data processed increases.

We compare with Maximum Likelihood Estimation since that typically provides
good results, but is not optimized for large data sets.  #stosram-tevels

LandSat Data - level 1
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Results of Spatial Partitioning

Train set: 1,000
10,000

Prediction standard deviations
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Results of Maximum Likelihood Estimation
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MLE ran for well over an hour each time, so cut program short



MLE not feasible for large numbers of datapoints

Seconds of runtime
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Predicted

Comparison: MLE vs spatial partition

Predicted with exponential - without clustering partition

Predicted with exponential - clustering partition

2 o ’
o
= [e] -
@ | 8 ° o - o o °
= 0 g ° £, ° e 2 ° > ° %
%0 %2 ° %’ ® & ° _° o o o0
o @ gjo &8 8 ¢ %0 © o0 Dooa o @ ° 7 PpB
&, oo @ o k-] 0 500 o0
g OO oo%‘;ﬁ% ‘D‘L’ % @ C% e go O % UU C%Omg) ° Oo ° o g ; 7 OZ Q :goo é’%@%%oc? on °
R L Wegi s W A s Rt e
v g Q ! 1) <] o o
c0 0c & 2 4 ‘%gao %5020 ° 008"' &°
g i o o 5 n%gj’(%oo Ooo o6)(:)::‘ mﬂ o o o o
oo > & o o©
o © o g °¢ 0o ©
s %00 o §° o
(=T [+]
= T T T T T ; ; ; . .
00 0.2 04 06 08 0.0 0.2 0.4 0.6 0.8
Observed
Observed
MLE Spatial partition
MSE 0.0155 0.0284
Results for training set = 1,000 COR 0.546 0.213
Time 0.898 s 11.1s

Laura Goodman 14



Conclusions

e From our analysis, with fewer data points,
Maximum Likelihood Estimation (MLE)
outperforms Spatial Partitioning with
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Equal Area Partitioning.

e As the points considered increases, MLE is no longer feasible as computer
memory constraints become an issue as well as run time durations. Thus,
partitioning the data allows for calculations to be made.

e Equal Area Partitioning did not appear to improve the predictions as there
were small areas with little variability and the partitioning removed information
from the system.
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