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What is SLEUTH?

Cellular automaton model of urban growth
and land use change

Over 100 applications documented in the LUC
literature, 20 years of discussion forum, many
YouTube How-To’s

Model supported by USGS, EPA, NSF and
others over 4 versions since 1998

Key publications have 2300 citations according
to Google Scholar e e

Loose-coupling a cellular automaton model and GIS: long-term
urban growth prediction for San Francisco and )
Washington/Baltimore 1034 1998
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Some Issues with SLEUTH

Requires brute force calibration using hindcasting
Expect non-linear feedbacks, no linearity

Some applications have taken 6 months of CPU
time

First used MPI and parallel processing (3.0) on
supercomputers

Many time saving adaptations, e.g. SLEUTH-R

Problem is that 5 behavior parameters with
integer values 0-100 need to be tested = 101/5
combinations



Behavior parameters

Diffusion

Breed

Spread

Slope resistance
Road gravity

DATA BASIN | DATASETS | SL

.| SLEUTH Projected Urban Growth

Uploaded by Gulf Coast Prairie LCC Oct 28, 2014 (Last modified Nov 25, 2015)

B Download._. + |

Description:
These data represent the extent of urbanization (for
the years indicated) predicted by the model SLEUTH
developed by Dr. Keith C. Clarke, at the University of
California, Santa Barbara, Department of Geography
and modified by David |. Doato of the United States
Geological Survey (USGS) Eastern Geographic
Science Center (EGSC). Further model modification
and implementation was performed at the
Biodiversity and Spatial | nation Center at Morth
Carolina State University
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More information about these dala (along with
downloadable ESRI GRID files) can be found at
http:ivwww.basic.ncsu.edu/dsliurh. htmi
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Behavior Rules
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Deltatron Land Cover Model

Phase 1: Create change

Select two land
classes at random

Create delta space
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spread
change

change

Of the two:

Find the land class
most similar to
current slope
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land cover |

Average
slope
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Transition Probability

probability

Matrix

YEL |ORN |GRN
YEL 0.9] 0.05| 0.05
ORN | 0.05| 0.9] 0.05
GRN 0.1 0.1 0.8

Check the

transition




Deltatron Land Cover Model
Phase 2: Perpetuate change

search for change in

the neighborhood find associated
land cover transitions
delta space
H: Transition Probability
| Matrix
I YEL [ORN [GRN
YEL 0.9] 0.05] 0.05
ORN [ 0.05[ 0.9 0.05
11

GRN 0.1] 0.1] 0.8

create
deltatrons
Age or
kill h
deltatrons impose
change in

land cover




A new solution
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e Many new machine learning algorithms can be
used for approximating optimization

 Replaced automated calibration routine with a
genetic algorithm

e Start with a random set of genes within a five
parameter multi-group chromosome

e Use evolution (combination, cross-over,
mutation, replacement, competition)

e Evolve until fitness metric (Optimal SLEUTH
metric) no longer increases for the best gene and
the chromosome



But, new control constants!

Number of genes in the chromosome
(Population)

Number of offspring per generation
Mutation rate
Maximum number of generations

Proportion of genes to be replaced per
generation

Maximum number of gene replacements



The Current Work

Implement SLEUTH-GA (and post to web site)

Choose best (San Diego, USA) and worst
(Andijan, Uzbekistan) calibrations to date

Calibrate using Brute Force

Calibrate using GA, while monolooping
through the 6 control parameters

Determine best parameters and build into
model as defaults
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Results: Brute Force

Table 1: Brute Force Calibration Results. Values for
constants are after calibration., with high and low
coefficients in the top 8 solutions given. then after
averaging to the last time period.

San Diego Andijan
Calibration 1960-1999 1934-2013
period
Best OSM 0.7414836 0.0773797
Diffusion/derive (100:98-100) (63:60-63)
d 100 100
Breed/ derived (97:97-99) (100:85-100)
100 100
Spread/ derived (25:24-25) (1:1-2)
25 3
Slope/derived (15:15-18) (80:75-79)
1 1
Road gravity (53:45-53) (25:15-25)
derived 53 38
Calibration time 175589 440715
) ﬂ1224 hours




Results: Best Gene

Table 3: Genetic Algorithm Calibration Results

San Diego Andijan
Calibration 1960-1999 1934-2013
period
Best OSM 0.729724 0.072920
Diffusion (90: 79-90) (54:53-94)
derived 100 82
Breed/ derved (23:22-25) (2:0-2)
26 3
Spread/ denived (89:74-98) (88:62-94)
100 82
Slope/derived (13:2-32) (70:9-70)
1 3
Road gravity (19:19-98) (47:14-47)
derived 30 75
Calibration time 55588 19866
(<)
Speed Up 3.16 22.18

€= 5.5) hours



Best GA Parameters: 10-12 generations

Table 2: Genetic Algorithm Parameter Monolooping

Calibration Results
City San Diego Andijan

Calibration period 1960-1999 1934-2013
Best OSM 0.72972 0.07292
Maximum # of 900 900
evaluations
Population 55 55
(Chromosome size)
Mutation Rate 0.13 0.13
Number of offspring 55 55
Replacement per 50 50
generation
Calibration tine (s) 55588 19866




Conclusion

GA at least equal, and often superior calibration results
Seems to lower modeling uncertainty

Differences in the calibration parameter sets and
forecasts are small

CPU time for calibration was reduced by about a factor
of 3 for San Diego and 22 for Andijan

GA can provide a convergent set of genes that can be
further optimized by a narrower brute force such as
the range over the top 8 genes

Code now available on SLEUTH website
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