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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 



The 4 review papers 
• Chaudhuri, G. and Clarke, K. C. (2013) The SLEUTH Land Use Change Model: A 

Review. International Journal of Environmental Resources Research, 1, 1, 88-
104. 
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and Regions (Ed. Brail, R. K.) ,Lincoln Institute of Land Policy, Cambridge, MA, pp 
47-60. 
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the International Journal of Geographical Information Systems and Science. 
Taylor and Francis, CRC. Boca Raton, FL. pp. 413-425. 



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 



Behavior Rules 
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Deltatron Land Cover Model 

Phase 1: Create change 

YEL 1.20%
ORN 3.30%
GRN 5.60%

Average 
slope 

For n  
new 
urban  
cells 

select random  
pixel 

change  
land cover 

spread 
change 

Select two land 
classes at random 

Of the two: 
Find the land class 

most similar to 
current slope 

YEL ORN GRN
YEL 0.9 0.05 0.05
ORN 0.05 0.9 0.05
GRN 0.1 0.1 0.8

Transition Probability 
Matrix 

Check the 
transition 

probability 

Create delta space 



Deltatron Land Cover Model 
Phase 2: Perpetuate change 

YEL ORN GRN
YEL 0.9 0.05 0.05
ORN 0.05 0.9 0.05
GRN 0.1 0.1 0.8

Transition Probability 
Matrix 

search for change in  
the neighborhood find associated 

land cover transitions 

 create 
deltatrons 
 
 
 
 impose 
change in 
land cover 

Age or 
kill 

deltatrons 

delta space 



A new solution 

• Many new machine learning algorithms can be 
used for approximating optimization 

• Replaced automated calibration routine with a 
genetic algorithm 

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

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

• 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 



San Diego 



Andijan 



Results: Brute Force 

122.4 hours 



Results: Best Gene 

5.52 hours 



Best GA Parameters: 10-12 generations 



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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