
Significant Findings 

This paper examines spatial and temporal patterns in soil moisture and 

vegetation water content derived from the Land Parameter Retrieval Model 

throughout mainland Australia from 1998 through 2005, using TRMM/TMI 

passive microwave observations. Multivariate statistical techniques were used 

to extract dominant spatial and temporal patterns in retrieved estimates of 

moisture content for the top 1-cm of soil (8) and vegetation moisture content. 

The dominant temporal soil moisture and vegetation patterns were strongly 

correlated to El Nifio/Southern Oscillation (ENSO) during the spring (r2 = 0.90), 

and to a progressively lesser extent during autumn, summer, and winter. The 

Indian Ocean Dipole (IOD) index also explained part of the variation in 

springtime soil moisture and vegetation. Cluster analysis suggested that the 

regions most affected by ENS0 are mainly located in eastern Australia. The 

results suggest that the drought conditions experienced in eastern Australia 

since 2000 and clearly indicated in the satellite retrievals, and appear to have a 

strong connection with ENS0 patterns. 



Popular Summary 

The spatial and temporal patterns in soil moisture and vegetation water 

content as derived by satellite throughout mainland Australia from 1998 

through 2005 were investigated. Statistical techniques were used to 

demonstrate that temporal patterns of moisture and vegetation were strongly 

correlated to El Nifio/Southern Oscillation (ENSO) during the spring, and to a 

progressively lesser extent during autumn, summer, and winter. The Indian 

Ocean Dipole (IOD) index also explained part of the variation in springtime soil 

moisture and vegetation. The analysis also suggested that the regions most 

affected by ENS0 are mainly located in eastern Australia. The results suggest 

that the drought conditions experienced in eastern Australia since 2000 are 

clearly indicated by the satellite observations and appear to have a strong 

connection with ENS0 patterns. 
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10 Abstract 

Spatiotemporal patterns in soil moisture and vegetation water content across mainland 

Australia were investigated from 1998 through 2005, using TRMMITMI passive 

microwave observations. The Empirical Orthogonal Function technique was used to 

extract dominant spatial and temporal patterns in retrieved estimates of moisture 

content for the top l-cm of soil (8) and vegetation moisture content (via optical depth 

z). The dominant temporal 8 and z patterns were strongly correlated to El 

NiiiolSouthern Oscillation (ENSO) in spring (3 = 0.90), and to a progressively lesser 

extent autumn, summer and winter. The Indian Ocean Dipole (IOD) index also 

explained part of the variation in spring 8 and z. Cluster analysis suggested that the 

regions most affected by ENS0 are mainly located in eastern Australia. The results 

suggest that the drought conditions experienced in eastern Australia since 2000 and 



clearly expressed in these satellite observations have a strong connection with ENS0 

patterns. 
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1. Introduction 

Australia is subject to frequent droughts, resulting in significant impact on the 

economy and environment [Horridge et al., 20051. Inter-decadal phases of wetter and 

drier conditions are observed in rainfall records [Beeton et al., 20061. Many areas 

have been experiencing extraordinary drought conditions since 2000. There are 

questions about the possible causes of this drought: an extreme event, natural climate 

cycling, andlor a consequence of human-induced climate change. Rainfall patterns 

have been linked to several ocean circulation indicators: droughts to sea surface 

temperature anomalies (SSTA) over the eastern Indian Ocean [Streten, 198 1, 19831; 

winter rainfall patterns in western and southern Australia to the Indian Ocean Dipole 

(IOD) [Ashok et al., 20031; southeastern Queensland rainfall to central Pacific Ocean 

SSTA [Murphy and Ribbe, 20041; and the 2001102 drought to a modest El Niiio event 

[Nicholls, 20041. The Intergovernmental Panel on Climate Change expects rainfall to 

decrease in southern Australia in winter and spring and in southwestern Australia in 

winter, but the influence of (possibly changed) El NiiioISouthern Oscillation (ENSO) 

patterns is uncertain [IPCC, 20071. Spatial patterns, interactions, and changes in the 

connection between rainfall and different circulation indicators need to be better 

understood [Abram et al., 20071 to put the current drought in appropriate context and 



44 allow statements about future drought frequency and severity to be made with greater 

45 confidence. 

Soil moisture and vegetation conditions are strong indicators of antecedent weather 

conditions, ecosystem state and drought [Mcficar and Jupp, 19981. They can be 

inferred from satellite observations, by making use of the spectrally distinct behavior 

of chlorophyll in green canopies in the visible and near infrared wavebands [Campbell, 

20021 andlor that of water in biomass and top soil in the near to thermal infrared and 

microwave spectra [Choudhury, 1993; Fensholt and Sandholt, 2003; McEcar and 

Jupp, 20021. Observations of passive microwave emissions have certain advantages, 

in that: (i) they are available regardless of cloud cover; (ii) there is a physical 

relationship relating emissions to water amounts in the environment; and (iii) rather 

than the land surface only, they provide information on water content of the top soil 

layer (albeit still only a few cm deep). Potential disadvantages are the coarse 

resolution of observation (>lo krn) and the lack of a consistent and continuous 

observation program over the past decades. A recently developed approach to 

retrieving surface parameters from microwave emissions does not require any form of 

field calibration and can be used for all bands in the microwave domain [De Jeu et al., 

2003; Owe et al., 2001; Wagner et al., 2007; Owe et al., 20071. This allows data 

collected by different satellites since 1978 to yield a time series covering 30 years. 

63 As a first step in determining the potential use of such a longer time series, we 

64 explored the link between three ocean circulation indicators and spatiotemporal 

65 patterns in soil moisture and vegetation condition for an 8-years data set of passive 



microwave derived soil moisture and vegetation condition recently developed by Owe 

et al. [2007]. 

2. Data and Methods 

2.1 Data 

The Microwave Instrument (TMI) on board NASA's Tropical Rainfall Measuring 

Mission (TRMM) has provided operational passive microwave measurements at 10.7 

GHz (X-band) and eight higher frequencies including the 37 GHz (Ka) band since 

December 1997 [Kummerow et al., 19981. The observations can be assimilated in a 

microwave radiation transfer model to infer soil moisture, and a set of atmospheric, 

soil and vegetation variables, including soil and canopy temperature and vegetation 

optical depth. 

We used the top soil moisture content (8 in m3 m-3) retrieved using the Land 

Parameter Retrieval Model (LPRM) [Owe et al., 2001; De Jeu et al., 2003; Meesters 

et al., 20051 and X-band brightness temperature. The retrieved soil moisture is 

represents roughly the top 1-cm, because TMI with the low observing frequency of 

10.7 GHz (X-band) has a source depth of about 1 cm. It has been evaluated against 

various observational and simulated datasets, generally with good results and with an 

absolute accuracy of ca. 0.06 m3 m-3 [Owe et al., 2001, De Jeu and Owe, 2003, 0' 

Neill et al., 2006, Wagner et al., 20071. 

Vegetation optical depth (7) is a dimensionless parameter that can be interpreted as 

being directly proportional to vegetation water content [Jackson and 0 'Neill, 1990; 



87 Jackson and Schmugge, 19911 and was derived according to Meesters et al. [2005]. 

88 The retrieved soil moisture and vegetation optical depth data were resampled and 

89 aggregated into seasonal average 0.25' resolution images for December 1997 through 

90 December 2005 for mainland Australia. Two spring seasons - one wet, the other dry - 

91 are shown in Figure 1. Areas where observations are influenced by open water or 

92 snow are left white. 

93 [FIGURE 1 ABOUT HERE] 

The ocean circulation indicators used in this study were the ENS0 index, the North 

Atlantic Oscillation (NAO) and the Indian Ocean Dipole (IOD) Mode Index. The 

ENS0 index is obtained from Bureau of Meteorology of Australia 

(http://www.bom. gov, au/climate/current/soihtm 1. shtrnl), IOD index from Saji et al. 

[I9991 (http://www.jamstec.go.jp/frsgc/researcWdl/iod~) and NAO index from 

National Oceanic and Atmospheric Administration (NOAA, 

ftp://ftp.cpc.ncep.noaa.gov/wd52dg/datalindices/tele~index.nh). The ENS0 index is 

the sea surface temperature anomaly from the 5"s to 5"N and 90°W to 150°W in the 

equatorial tropical Pacific [Reynolds and Smith, 19941. Saji et al. [I9991 defined the 

IOD index as the sea surface temperature difference between the tropical western 

Indian Ocean (10"s-10°N, 50°E-70°E) and the tropical southeastern Indian Ocean 

(10"s-equator, 90°E-llOOE). The NAO index is constructed by comparing daily 500 

mb height anomalies over the Northern Hemisphere to monthly mean 500 mb air 

pressure height for 1950 through 2000 [Barnston and Livezey, 1987. 



108 2.2 Methods 

Empirical Orthogonal Function (EOF) analysis, Spearman's rank correlation analysis 

and K-means cluster analysis were used in this analysis. EOF analysis [Bjornsson et 

al., 20001 produces a set of functions that represent various modes of oscillation 

dominating in a spatiotemporal data set, and the relative importance of each pattern in 

explaining observed variation across space. EOF analysis has been applied to study 

correlation between Northern Hemisphere air temperature and satellite-derived 

greenness, and ENS0 and Arctic Oscillation [Buevmann et al., 20031. Here the EOF 

analysis was performed on seasonal averages of 8 and T, and Spearman's rank 

correlation coefficients were calculated between the first two EOFs of each 

observation and the ENSO, IOD and NAO indicators. 

119 We applied K-means cluster analysis [Dillon and Goldstein, 19841 to the first EOFs of 

120 8 and T to identify regions of Australia with different sensitivity to ocean circulation 

121 indicators. The technique groups objects, or data, into a smaller number K of clusters 

122 with data that are as close to each other and as far from other clusters as possible. 

123 K-means cluster analysis has been widely applied in soil and vegetation research, e.g. 

124 for remotely sensed land cover classification [Han et al., 20041, regionalizing 

125 watersheds in flood-frequency analysis [Rao et al. 20061, and weather classification 

126 for rainfall simulation [mlson et al., 19911. 

127 3. Results 

128 The variances explained by the first four EOFs for 8 and z of four seasons are listed in 



129 Table 1. Ranked correlation coefficients between the leading two EOFs and ENSO, 

130 IOD and NAO indices are listed in Table 2. The respective EOFs for 8 and z are 

131 reasonably well correlated for most of the year, but in winter both z-EOFs appear 

132 correlated to 8-EOF2 but not to 8-EOF1, and in summer the respective second EOFs 

133 are not correlated at all. In other words, the coupling between 8 and z appears 

134 strongest in spring and autumn, and least in winter. 

135 [TABLES 1 AND 2 ABOUT HERE] 

136 The 8-EOF1 for all seasons and T-EOF1 for spring and autumn are moderately to 

137 strongly correlated to ENSO. The strongest correlations (?=0.90) are for spring (Table 

138 2) and these correlations are in phase (Figure 2). Wet seasons correspond to higher 

139 than average ENS0 (1998-2001) and dry seasons to lower than average ENS0 

140 (2002-2005). 

141 [FIGURE 2 ABOUT HERE] 

142 In addition, 8-EOF1 is significantly correlated to IOD in spring. The coefficient of 

143 correlation is greater than that between ENS0 and IOD, which suggests that this is not 

144 merely a spurious correlation. While not significant at 0.05 level, the correlation 

145 between 8-EOF1 and NAO in winter is still high (?=0.48). 

146 The spatial structures of the first EOFs for spring 8 and z show that these signals are 

147 strongest in eastern Australia, in particular 'in eastern Queensland and the eastern 

148 Murray-Darling Basin (Figure 3). 

149 [FIGURES 3 ABOUT HERE] 



K-means cluster analysis was performed using the first EOFs for spring 8 and z and 

for two to ten clusters. The results suggested only two significant clusters (Figure 4; 

silhouette value 0.74). Region 1 (dark gray) represents the areas with the highest 

correlations between spring 0 and z and ENSO, respectively. 

[FIGURE 4 ABOUT HERE] 

4. Discussion and Conclusions 

For the period 1998 through 2005, we found a strong correlation between seasonal 

soil and vegetation moisture content derived from passive microwave observations 

and ENSO, particularly for eastern Australia in spring, and also for autumn and 

summer. In addition, we found a signal relating both 0 and z to IOD in spring. 

The influence of ENS0 on rainfall has been documented [e.g. McBride and Nicholls. 

1983; Whetton, 19971, as has that of IOD [Simmonds, 1990; Drosdowsky, 2002; Saji 

et al., 19991. Apart from confirming these findings, our results provide evidence that 

ENSO, and to a lesser extent IOD, can also be linked to the drought conditions 

experienced since 2000. It shows that the ENSOBOD influence on rainfall is also 

evident in the soil moisture and vegetation record. 

Without using station rainfall records, we were able to directly delineate regions 

experiencing the strongest influence of ENSO. The most affected regions are in the 

eastern Murray-Darling Basin and eastern Queensland on the inland side of the Great 

Dividing Range; both are important agricultural regions. 

170 Development of a longer time series of global data of soil moisture, vegetation optical 



171 depth and surface temperature composited from different passive microwave 

172 observation sources should allow us to better understand seasonal and inter-annual 

173 variations in climate associated with ocean circulation patterns. 
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(a) soil moisture (average Sep-Nov 1998) @) vegetation optical depth (average Sep-Nov 1998) 

(c) soil moisture (average Sep-Nov 2002) (d) vegetation optical depth (average Sep-Nov 2002) 

272 Figure 1. Average soil moisture (8 in m3 m") in top l-cm of soil and vegetation 

273 optical depth (z) for a wet spring (September-November 1998) and a dry spring (2002) 

274 across mainland Australia. 



275 Table 1. Variance explained (%) by the first four EOF patterns in soil moisture (8) and 

276 vegetation optical depth (z) for four seasons. 

EOFl (%) EOF2 (%) EOF3 (%) EOF4 (%) Total (%) 

Spring 8 5 7 13 10 6 86 

Spring z 5 6 17 11 6 90 

Summer 8 4 1 17 15 8 8 1 

Summer z 5 9 13 11 5 88 

Autumn 8 5 9 16 7 6 8 8 

Autumn z 62 13 8 5 88 

Winter 8 3 8 2 1 12 11 82 

Winter z 6 1 16 6 5 8 8 



277 Table 2. Spearman correlation coefficients (r2) between the leading two EOF patterns 

278 of soil moisture (8) and vegetation optical depth (7) of the four seasons, and ENSO, 

279 IOD and NAO indices. Tables are diagonally split: all values for one season are in the 

280 bottom-left half; all values for another season in the top-right half. Suffixes " and 

281 represent indicate correlations significant at 0.01 and 0.05 level, respectively. 

Summer 8 EOFl 8EOF2 zEOFl zEOF2 ENS0 IOD NAO 

8 EOFl \ 0.00 0 .54~ 0.00 0 .69~  0.07 0.08 

8 EOF2 0.01 0.23 0.16 

z EOFl 0.90" 0.01 0.38 0.07 

z EOF2 0.10 0.07 0.38 

ENS0 0.90" 0.00 0.90a 0.08 0.00 0.25 

IOD 0.58~ 0.02 0.41 0.20 0.48 

NAO 0.04 0.05 0.13 0.01 0.06 

282 



\ Winter 8EOFl 8 EOF2 r EOFl r EOF2 ENS0 IOD NAO 

Autumn \ 
8 EOFl \ 0.10 0.13 0.18 0 .77~  0.05 0.48 

T EOFl 

T EOF2 

ENS0 

IOD 

NAO 
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289 Figure 2. Normalized time series of the first EOFs of spring (September-November) 8 

290 and z and the ENS0 index for the period 1998-2005. Data shown as anomalies from 

29 1 the mean normalized by standard deviation. 





297 MDB-Murray Darling Basin. 

299 Figure 4. Location of the two classes derived from K-means clustering analysis based 

300 on Figure 3.  In black the cluster for which both soil moisture and vegetation are 

301 relatively strongly correlated to ENS0 (the centers are 0.016 for 0 and 0.01 5 for z); in 

302 grey areas less strong correlations (the centers are 0.004 for 0 and 0.006 for z). 




