
Spatial Accuracy 2014, East Lansing, Michigan, July 8-11 

Spatiotemporal downscaling under the volume-
preserving constraint 

Eun-Hye Yoo 
Assistant professor,  

Department of Geography,  
University at Buffalo, The State University of New York (SUNY) 

Buffalo, NY, 14261-0055, U.S.A. 
Telephone: +1 (716) 645-0476 
E-mail: eunhye@buffalo.edu 

Abstract 

The problem of prediction and simulation of point values from spatially and/or 
temporally aggregated block data is addressed within the change of support problem. 
We show that the geostatistical framework explicitly account for support differences 
between available data---spatiotemporal block data---and the target predictions at a 
higher spatial and/or temporal resolution, and yield coherent predictions (volume-
preserving property). The spatiotemporal simulation allows performing uncertainty 
analysis associated with the downscaled values. In a case study we demonstrate that 
the downscaled predictions/simulated values reproduce the original spatiotemporal 
block data values, and the summary statistics of the original data, such as the mean 
and the spatio-temporal covariance structure, using both real world data and 
simulated spatiotemporal values. 
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1.   Introduction 

Recent technological advancement in sophisticated monitoring devices enabled us to 
track individuals’ movements for environmental exposure studies, but such information 
on individuals’ mobility at a high resolution also calls for air quality information at the 
same level (Gerharz and Pebesma, 2010). Air quality data are obtained from fixed-site 
air quality monitoring networks that provide a long-term time series but with a limited 
spatial coverage. Space-time modeling of pollutants has made progresses to meet the 
rapidly growing demands for air quality data at a relatively finer resolution, which is 
evidenced in many studies (Guttorp, Meiring and Sampson, 1994; Haas, 1995) 
including hierarchical space-time models (Cressie, 1996; Gelfand, Zhu and Carlin, 
2001; Berrocal, Gelfand and Holland, 2010; 2012; Sahu and Bakar, 2012). 
 
For a prediction of PM2.5, Berrocal, Gelfand and Holland (2010) proposed a fusion 
downscaling approach by regressing the observed point level PM2.5 concentration data 
on grid cell level (12 x 12 km2) computer model outputs known as the Community 
Multiscale Air Quality forecast model with spatially varying regression coefficients 
specified through a Gaussian process. Their hierarchical Bayesian downscaler model 
yields daily predictions at the 2010 US census tract centroid locations over the eastern 
U.S. during 2001-2008. While the downscaler outputs are available at finer resolutions 
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in space and time, yet they are not readily available for individual’s time-activity based 
exposure estimation. In the current paper we propose a spatiotemporal 
prediction/simulation model that combines spatiotemporally aggregated data obtained 
from multiple sources at various resolutions in space and time to predict and/or 
simulate air quality information over the set of time-activity space identified from a 
rule-based classification (Yoo. et.al, 2014). 

2. Study Area and Data 

Study area encompasses the Buffalo-Niagara region within Erie and Niagara counties 
of western New York, USA. Air quality data consist of air pollution monitoring data 
collected from a sparse monitoring network, that is, six stations collecting data using 
non-reference method hourly basis and three stations using federal reference method to 
collect daily air pollutant concentrations. Additionally, daily prediction of air quality at 
the 2010 US census tract centroid locations are obtained from a Bayesian space-time 
downscaler model. The multi-resolution air quality data are used to predict personal 
exposure to air pollutants. The individual’s time-activity space is estimated from a 
randomly selected participant’s time-activity information collected every 5-minutes 
using the smartphone app during two periods of phases in 2012. 
 
3. Methodology and Results 
 

Suppose a spatiotemporal RV, indexed by the spatial coordinates ! and the time 
instant !, can be decomposed into a trend and a zero mean stochastic residuals as 
! !, ! = ! !, ! + ! !, ! . The trend can be estimated as a multivariate function of 
covariates, whereas a zero-mean stochastic residual component is characterized by the 
space-time covariance, depending only on the spatial and temporal lags ! = ! − !′ 
and  ! = ! − !′ between any pair of points  ! = (!, !) and !′ = (! + !, ! + !) under the 
model decision of second-order stationarity. Moreover, we further assume the 
stationary covariance function !(!, !) of the RF is decomposed into a purely spatial 
covariance !!(!) and a purely temporal covariance !!(!) as ! !, ! = !! ! !! ! =
!!!! ! !! ! . The spatial and temporal correlation functions are denoted as !! !  and 
!! ! , respectively, and !! is the variance of the spatiotemporal RV ! !, ! .  
The task of individual’s time-activity exposure estimation calls for hourly air quality 
residual value prediction at a target location !!, !  using multi-resolution residual data 
as     

! !!, ! =    !!!! !! , !
!

!!!

+ !!!! !! ,!
!

!!!

+ !!!! !! ,!
!"#

!!!

, 

where !! !! , !  denotes the residual data obtained from the six NRM stations, !! !! ,!  
denotes the daily average of residual values obtained from the three FRM stations, and 
downscaler outputs at census tract centroids are denoted by !! !! ,! . The hourly 
prediction of air quality residual value is a linear combination of residual data with 
optimal kriging weights, which are obtained by solving spatiotemporal block data to 
point kriging system. The same spatial structure is considered for both the NRM daily 
average with that of FRM data due to their strong correlations (above 0.9) across the 
study area. The spatial structure of downscaler outputs is empirically estimated using 
the weighted least square estimation method. The coherence property of spatiotemporal 
block-to-point prediction guarantees the 24-hour average of point predictions at the 
three FRM stations and the centroids of census tracts reproduce the original data, 
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respectively. The uncertainty associated with the spatiotemporal point prediction is also 
obtained as a weighted linear combination of space-time covariance values as 

!! !!, ! =   !!(!) − !!!! !! , !!

!

!!!

+ !!!! !! , !!

!

!!!

+ !!!! !! , !!

!"#

!!!

 

We further extend the spatiotemporal block-to-point kriging to a stochastic mode where 
a set of equally probable and alternative spatiotemporal values {!(!) !, ! , ! = 1,… , !} is 
generated conditional on the spatiotemporal block data alone, although the proposed 
framework can be easily extended to condition simulated values on both the block data 
as well as point data obtained at monitoring network. Spatiotemporal block data could 
be defined over any support with different size, shape, and orientation both in space and 
time, while we consider a regular space-time block 10  ×5 ×3  units as conditioning 
data (see Figure 1[A]). The downscaled point simulation is displayed in Figure 1(B), 
which reproduce conditioning block data values when they are aggregated over space-
time block supports (see Figure 1[C]). We extend the area-to-point 
prediction/simulation algorithm (Kyriakidis and Yoo, 2005) to accommodate the space-
time covariance structure and spatiotemporal data. As shown in 1(D), downscaled 
simulated values approximate the reference values, which are used to calculate the 
spatiotemporal block data in Figure 1(A). The space-time covariance structure of the 
downscaled simulated point values is examined: the temporal correlation and spatial 
correlation of the downscaled simulated values are denoted as dotted lines and the 
model correlation structures are denoted by solid lines in Figures 1(E) and 1(F), 
respectively. Both the spatial and temporal empirical correlation in Figures 1(E) and 
1(F) are calculated from 2500 prediction locations and 24 time instants of a single 
simulation. The spatial structure of the underlying surface is relatively well 
approximated, whereas that of temporal structure is not. The poor reproduction of 
temporal structure might be due to the short time period of the simulation, 24 time 
instants. 

 
Figure 1: Spatio-temporal block-to-point simulation 
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4. Conclusions 

We proposed a spatiotemporal block-to-point kriging and simulation in which the 
support differences between space-time blocks and point target supports are explicitly 
accounted for. The proposed geostatistical framework yields coherent predictions 
(volume-preserving property) as well as a measure of reliability. In the simulation 
mode, we consider multi-resolution spatiotemporal block data as conditioning 
information to reflect environmental exposure studies in which data are collected over 
spatially sparse monitoring network and temporally irregular intervals. Similar to the 
area-to-point kriging/simulation, the proposed space-time block-to-point 
kriging/simulation satisfies the volume preserving property and reproduce the 
covariance structure as well as a summary statistics of conditioning data. In the 
environmental exposure studies, the space-time point predictions of air pollutant 
concentrations are re-aggregated over individual’s time-activity space (non-point 
supports) with the corresponding prediction error variance. The proposed framework 
could accommodate alternative space-time covariance structures.  
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