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Infectious diseases 

•  Increasing research in the spread of infectious diseases 
•  Changing climate patterns 
•  Movement of individuals (air) and increasing urbanization 

World Health Organization (WHO); Centers for Disease Control and Prevention (CDC) 

Accelerating the detection of space time clusters 

Disease Cases/Deaths 
Malaria 3.2 billion at risk, 214 million cases 

438,000 deaths 
Dengue Fever ½ of the world population at risk 

390 million cases/year 
10-25K deaths 

HIV 35 millions; 1-1.5 million deaths 
Cholera 3-5 million cases, 100K deaths 
Ebola 25K cases, 10K deaths (2014) 
West Nile Virus 5,674 (286 deaths), 2012 



Context 
• Vector-borne diseases (malaria, dengue fever)  

spread very quickly under suitable conditions 

• Prompt and accurate space-time analyses are necessary 
to detect outbreaks in a timely manner and take 
appropriate steps to curb expansion of the disease 

• Accurate information should be disseminated among the 
public to limit the risk of further contagion. 

Duncombe, J., et al., 2012. Review: geographical information systems for dengue surveillance. American Journal of Tropical Medicine and Hygiene, 86 (5), 753. 
Eisen, L. and Eisen, R., 2011. Using geographic information systems and decision support systems for the prediction, prevention, and control of vector-borne diseases. Annual Review of 
Entomology, 56 (1), 41–61 
Gubler, D.J. and Clark, G.G., 1995. Dengue/dengue hemorrhagic fever: the emergence of a global health problem. Emerging Infectious Diseases, 1 (2), 55.. 
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Dengue fever, Cali, Colombia - 2010 
• Dengue fever data from SIVIGILA (Public Health 

Surveillance System). Implicit geographic information. 

•  Data for the year 2010 
•  [x, y, time]; n = 9,555 

•  Delmelle, E., Casas, I., Rojas, J. H., & Varela, A. (2013). Spatio-temporal patterns of Dengue Fever in Cali, Colombia. International Journal of Applied Geospatial Research, 4(4), 58-75. 
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Objectives 
• Present a framework to accelerate the computation 

of the space-time kernel density estimation 

• Octree-based adaptive decomposition of the 
space-time domain 

• Parallel computing approach to reduce time 

• Visualize results in a 3D framework 

Objectives 

Delmelle, E., Dony, C., Casas, I., Jia, M., & Tang, W. (2014). Visualizing the impact of space-time uncertainties on dengue fever patterns. International Journal of Geographical Information 
Science, (ahead-of-print), 1-21. 
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Existing work on space-time modeling 
• Space-time clustering and geosurveillance are critical 

research areas when spatial epidemiological data have a 
temporal signature. 

• Significant research dedicated to the mapping of disease 
intensities across an area and associated clusters. 
•  Exploratory (KDE) and confirmatory approaches 

• Space-time clustering is a more recent research thread  
•  Computational and visualization issues 

•  Aldstadt, J. and Getis, A., 2006. Using AMOEBA to create a spatial weights matrix and identify spatial clusters. Geographical Analysis, 38 (4), 327–343. 
Bailey, T. and Gatrell, Q., 1995. Interactive spatial data analysis. Edinburgh Gate, England: Pearson Education Limited. 

•  Delmelle, E., et al., 2011. H.E.L.P: a GIS-based health exploratory analysis tool for practitioners. Applied Spatial Analysis and Policy, 4 (2), 113–137. 
Knox, G.E., 1964. The detection of space-time iterations. Journal of the Royal Statistical Society,13, 25–29. 

•  Kulldorff, M., et al., 2005. A space–time permutation scan statistic for disease outbreak detection. PLoS Medicine, 2 (3), e59. 
•  Rogerson, P. and Yamada, I., 2008. Statistical detection and surveillance of geographic clusters. Boca Raton, FL: CRC Press. 
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Existing work on space-time modeling 

•  Kulldorff, M. (1997). A spatial scan statistic. Communications in Statistics-Theory and methods, 26(6), 1481-1496. 
•  Kulldorff, M., Heffernan, R., Hartman, J., Assunçao, R., & Mostashari, F. (2005). A space-time permutation scan statistic for disease outbreak detection.PLoS medicine, 2(3), 216. 
•  Takahashi, K., Kulldorff, M., Tango, T., & Yih, K. (2008). A flexibly shaped space-time scan statistic for disease outbreak detection and monitoring.International Journal of Health Geographics, 7(1), 14. 
•  Goovaerts, P., & Jacquez, G. M. (2005). Detection of temporal changes in the spatial distribution of cancer rates using local Moran’s I and geostatistically simulated spatial neutral models. Journal of Geographical 

Systems, 7(1), 137-159. 
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Authors Year Statistic 

Kulldorff et al. 1997 Spatial Scan 

Kulldorff et al. 2005 Space-time scan 

Goovaerts and Jacquez 2005 Local Moran’s I 

Takahashi et al. 2008 Flexibly shaped space-time scan 

Wang and Armstrong 2009 G*i(d) 

Tang, Feng and Jia 2014 Ripley’s K 

Delmelle et al. 2014 STKDE 



Existing work on space-time modeling 

•  Tang, W., Feng, W., & Jia, M. (2014). Massively parallel spatial point pattern analysis: Ripley’s K function accelerated using graphics processing units.International Journal of Geographical Information Science, (ahead-
of-print), 1-28. 

•  Delmelle, E., Dony, C., Casas, I., Jia, M., & Tang, W. (2014). Visualizing the impact of space-time uncertainties on dengue fever patterns. International Journal of Geographical Information Science, 28(5), 1107-1127. 
•  Wang, S., & Armstrong, M. P. (2009). A theoretical approach to the use of cyberinfrastructure in geographical analysis. International Journal of Geographical Information Science, 23(2), 169-193. 
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Space-time kernel density estimation 

•  Delmelle, E., Dony, C., Casas, I., Jia, M., & Tang, W. (2014). Visualizing the impact of space-time uncertainties on dengue fever patterns. International Journal of Geographical Information 
Science, (ahead-of-print), 1-21. 
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Space-time kernel density estimation 
•    

•  Delmelle, E., Dony, C., Casas, I., Jia, M., & Tang, W. (2014). Visualizing the impact of space-time uncertainties on dengue fever patterns. International Journal of Geographical Information 
Science, (ahead-of-print), 1-21. 

•  Demšar, U. and Virrantaus, K., 2010. Space–time density of trajectories: exploring spatio-temporal patterns in movement data. International Journal of Geographical Information Science, 24 
(10), 1527–1542. 

•  Nakaya, T., and Yano, K., 2010. Visualising crime clusters in a space-time cube: an exploratory data-analysis approach using space-time kernel density estimation and scan statistics. 
Transactions in GIS, 14 (3), 223–239. 
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Visualization 
•  The kernel density volume is rendered by estimating a 

density value for each of the voxels 
•  Color-coding each voxel based on its density value (rainbow) 
•  Voxels with lower kernel density values are assigned a higher level 

of transparency whereas higher densities are kept opaque 

Perspective 1 Perspective 2 
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Visualization 
Temporal cross section Cross-sectional cuts 
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Impact of parameters 
•  Impact of STKDE parameters on computational effort 

Sensitivity Accelerating the detection of space time clusters 



Rationale 

• Performance and computational 
complexity hinder scientific investigation 
•  Increase in volume, variety, and velocity of 

spatiotemporal data 
•  Geographic search strategies explode with 

increasing problem size 

• Need for ability to process large datasets 
in acceptable amount of time 

• Parallel computing: Divide task into sub-
problems and distribute to CPUs  
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Parallel computation approach 
•  The derivation of STKDE of a point pattern consumes 

considerable computing resources 
•  Conduct STKDE for each voxel 
•  Conduct STKDE on observed and simulated datasets 

•  Armstrong, M. P., and P. J. Densham. 1992. Domain decomposition for parallel processing of spatial problems. Computers, environment and urban systems 16 (6):497-513. 
•  Ding, Y., and P. J. Densham. 1996. Spatial strategies for parallel spatial modelling. IJGIS 10 (6):669-698. 
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Decomposition 
•  Recursive octree decomposition 

of spatiotemporal domain 
•  creates subdomains (SDs) of 

similar computational 
intensity. 

•  Computational intensity =  
 f(#voxels * #data points) 

•  Space-filling curve 
•  Distribute SDs to processors, 

equalizing computational 
intensity,  

•  Compute kernel density for 
each subdomain separately 

•  Collect subdomain outputs and 
reassemble. 

www.forceflow.be, 3/3/14 

http://www.beyond3d.com/images/articles/ingenu-part-2/octree.png, 3/3/14 
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•  Recursive octree decomposition 
of 3D domain 
•  creates subdomains (SDs) of 

similar computational 
intensity. 

•  Computational intensity =  
 f(#voxels * #data points) 

•  Space-filling curve 
•  Distribute SDs to processors, 

equalizing computational 
intensity,  

•  Compute kernel density for 
each subdomain separately 

•  Collect subdomain outputs and 
reassemble. 

www.forceflow.be, 3/3/14 

http://www.beyond3d.com/images/articles/ingenu-part-2/octree.png, 3/3/14 
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Initialize 1st level of 
decomposition assign data 
points to SDs. 
Iterate through SDs, check  
•  If nVoxels > 0 
•  If nPoints > 0 

•  skip 
•  If nPoints < nPoints_max 

OR 
 nPoints(parent) ==                                                                   
 max(nPoints(children)) 
•  Write Points to file 

•  Else: decompose 

ID, X, Y, T 
1, 4,2,1 
2,6,7,1 
3,4,5,4 
…. 

Decomposition algorithm 
Decomposition Accelerating the detection of space time clusters 



Space-time buffer implementation 

• Buffer distances 
equal spatial- and 
temporal bandwidths 

• Creates overlap and 
therefore, data 
redundancy 

• Points assigned to 1 
– 8 SDs 

SD
1 

SD2 

SD
3 

SD4 
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Parameters and Performance metric 

•  Average execution times of 20 runs 
•  Speedup: S(n) = Ts/Tp(n) 
•  R2 for CI = f(#vox * #dp) 

Dataset Dengue fever 

Maximum number of data points per 
SD 

100 

Voxel resolution 100m * 100m * 1d 

Bandwidths 
Spatial (m) 500 750 1000 

Temporal (d) 3 7 14 
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500 750 1000 
3 

7 

14 

Result: Execution times & speedup 
hs 

ht 
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Computational intensity estimation 
hs 

ht 
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Discussion 

•  3D domain decomposition for parallel STKDE of 
“massive” spatiotemporal geographic data  

• Achieve speedup (        ) 
• Achieve workload balance (       ) 
• Sensitivity analysis (       ) 
• Space-time uncertainty (       ) 
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