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Current Project
Goals:
We will develop a stochastic LCLUC modeling approach and apply it to both metropolitan and non-metropolitan counties in Michigan. 

We will apply a geostatistical simulation approach to predict land cover in 2010 and 2020 at the pixel level within each of our two regions using a four-stage process that:
(1) generates future land cover proportions within each county using demographic and economic projections in an econometric modeling framework; 
(2) generates a sub-county map of land cover change probabilities for development and agricultural abandonment, 
(3) determines the resulting probabilities of changes in tree cover (i.e., regrowth and clearing), conditioned on biophysical site attributes, and 
(4) applies stochastic simulation to generate multiple plausible realizations of future tree cover. 
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Generalized Methodology:

Geostatistical simulation permits incorporation of several constraints to produce mapped predictions that reproduce several important characteristics of the data.  Our projections will 
be constrained to reproduce (a) county-wide proportions of land-use types, estimated using econometric projection, (b) spatial patterns of change observed through change detection, 
and (c) a surface of local transition probabilities that represents the spatial drivers of change. Statistical and geostatistical relationships will be evaluated over-time and between 
regions to describe potential non-stationarities.
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Images were collected for 1984, 1988, 
1991, 1997, 1999 over the 10 counties 
of Southeast Michigan and over 
Northern Lower Michigan. They were 
geometrically and radiometrically 
rectified. Clouds were removed by 
segmenting the image and labeling the 
cloud segments manually. 

Band transformations were 
performed and selected to 
maximize separability of classes 
defined in the NLCD: tassel cap 
transformation, NDVI, and 
texture using various 
combinations of band ratios. 

An ISODATA unsupervised 
classification was conducted 
using 50 classes.  The classes 
are being labeled manually by 
comparing to aerial photos. The 
final classification procedure will 
use the labeled clusters to train 
a supervised classification.

For each of 15 sample townships located 
throughout the study site, a series of photos 
was obtained, rectified, and mosaiced.  The 
photos were chosen so that the dates 
roughly corresponded to the dates of one of 
the available images.  These photo subsets 
are used for both labeling the unsupervised 
clusters and assessing the final classification 
accuracy. 

In a pilot study, generalized 
additive models (GAMs) were 
used to estimate the probabilities 
of cell transitions in an area to the 
south and east of Traverse City, 
MI. GAMs were used as a non-
linear form of logistic regression. 
Separate models were fit to model 
the locations of each type of 
transition: forest to nonforest and 
nonforest to forest.

A variety of potential predictor variables was considered 
[clockwise from top left] – 1. Variables describing the site 
attributes (slope, aspect, profile and plan curvature, 
topographic wetness index), 2. Variables describing the 
access to markets and transportation (distance to city, 
distance to major roads, distance to residential roads, 
distance to highway), 3. Variables describing the access 
to water features (distance to shoreline, distance to 
inland lakes, distance to perennial streams) and 4. 
Variables describing the conditions of the initial land 
cover map (distance to either forest or nonforest, 
number of neighbors that are either forest or nonforest).  

The illustration shows the model fit for 
transitions from nonforest to forest.  The 
solid line represents the fitted relationship 
and the dashed lines represent 
plus/minus two times the standard error. 
Distance to forest, proportion of forested 
neighbors, and distance to major roads 
did not have relationships different from 
log-linear.  For the remaining predictors 
(distance to residential road, distance to 
highway), the plots display the nature of 
the non-linear relationship. Spline 
smoothing was used to estimate the non-
parametric functions. The models were fit 
using one-third of systematically sampled 
cells contained in the landscape and 
evaluated by predicting another third of 
cells.   

The resulting transition 
probability maps indicate that 
transitions are more likely to 
occur at the borders of forest 
or nonforest patches.  
Additionally, neither model 
included variables describing 
the local terrain, indicating 
that both the spatial 
interactions with existing land 
cover and the socioeconomic 
processes found within the 
region are the dominant 
drivers of forest cover 
change.

Results and Conclusions: 
•Generalized additive models fitted to the transition probabilities correctly predicted between 87 and 90 percent of the transitions and included variables describing location relative to initial land 
cover, inland lakes, the city center and roads.

•The spatial pattern of change displayed a relatively small range of spatial correlation (320m for F to NF, 235m for NF to F). However, the cross semivariogram displayed a much larger range 
(800m) occurring in the East-West direction.  This indicates that two cells separated by a given distance are more likely to have opposite land cover changes along this East-West direction.  The 
spatial relationships observed in the experimental variograms match those seen in the transition probabilities.  

•The simulation generated land cover maps reasonably reproduced both the variograms of change and the proportion of forest and nonforest cells present in 1985. Also, the transition probabilities 
resulting from the simulation matched the transition probability models with rank correlations of 0.64 and 0.77.

Future Work:
•Modifying the objective function to allow for the input of exogenous information about target land cover proportions.  This information will come from county-scale econometric models.

•Extending the approach to account for more than two land cover classes.

•Optimizing the computer speed of the simulations through sampling.

•Evaluating the assumption of temporal and spatial stationarity by applying multiple models of change across the 15 sample townships and over the time series imagery.

•Investigating the space-time pattern of errors in classification and change detection and their implications on land cover prediction.

Indicator semivariogram models (top 
two figures) were used to characterize 
the spatial patterns of change; they 
measure the lack of spatial 
connectivity between transitions of a 
given type across distances h. The 
cross semivariogram (bottom figure) 
indicates the frequency that two cell 
separated by distance h jointly 
changed in opposite ways. Models 
were fit to the indicator (cross-) 
variograms. The variograms were 
computed under the assumptions of 
stationarity in both the spatial and 
temporal domains. 

Simulated annealing was preformed to 
predict the spatial distribution of land 
cover at time t + Δt.  Land cover maps 
were generated with the objectives to 
reproduce (a) the semivariogram models 
and (b) the patterns of change in the 
transition probability maps.  The iterative 
process was stopped when the 
percentage of change from iteration i to 
iteration i+1 was below a predetermined 
threshold. The land cover distribution in 
1985 was simulated and 100 realizations 
were generated.  Example realizations 
(top two figures) show spatial patterns 
similar to those seen in 1985. Maps of 
the most likely land cover class and the 
frequency corresponding to that class 
were produced (bottom two figures).  
Areas of low frequency indicate regions 
where the prediction of a land cover is 
uncertain. 

The semivariograms (top two 
figures) and crossvariogram 
(bottom figure) resulting from 
the simulation were generated 
to check the ability of the 
model to reproduce the spatial 
patterns of change.  
Satisfactory reproduction was 
achieved over the distance 
accounted for by the objective 
function (<500m). 

D
is

t t
o 

Fo
r

# 
Fo

r N
ei

gh
bo

rs
D

is
t t

o 
St

re
et

D
is

t t
o 

M
aj

 R
d

D
is

t t
o 

H
ig

hw
ay


	Slide Number 1

