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Data assimilation of satellite-based observations of hydrological variables with 

full numerical physics models can be used to downscale these observations from coarse 

to high resolution to improve microwave sensor-based soil moisture observations. 

Moreover, assimilation can also be used to predict related hydrological variables, e.g., 

precipitation products can be assimilated in a land information system to estimate soil 

moisture. High quality spatio-temporal observations of these processes are vital for a 

successful assimilation which in turn needs a detailed analysis and improvement. In this 

research, pattern recognition and adaptive signal processing methods are developed for 

the spatio-temporal analysis and enhancement of soil moisture and precipitation datasets. 

These methods are applied to accomplish the following tasks: (i) a consistency analysis 

of level-3 soil moisture data from the Advanced Microwave Scanning Radiometer – EOS 

(AMSR-E) against in-situ soil moisture measurements from the USDA Soil Climate 

Analysis Network (SCAN). This method performs a consistency assessment of the entire 



time series in relation to others and provides a spatial distribution of consistency levels. 

The methodology is based on a combination of wavelet-based feature extraction and one-

class support vector machines (SVM) classifier. Spatial distribution of consistency levels 

are presented as consistency maps for a region, including the states of Mississippi, 

Arkansas, and Louisiana. These results are well correlated with the spatial distributions of 

average soil moisture, and the cumulative counts of dense vegetation; (ii) a modified 

singular spectral analysis based interpolation scheme is developed and validated on a few 

geophysical data products including GODAE’s high resolution sea surface temperature 

(GHRSST). This method is later employed to fill the systematic gaps in level-3 AMSR-E 

soil moisture dataset; (iii) a combination of artificial neural networks and vector space 

transformation function is used to fuse several high resolution precipitation products 

(HRPP). The final merged product is statistically superior to any of the individual 

datasets over a seasonal period. The results have been tested against ground based 

measurements of rainfall over our study area and average accuracies obtained are 85% in 

the summer and 55% in the winter 2007. 
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CHAPTER I 

INTRODUCTION 

1.1 Background 

Satellite-based sensors are used to obtain information with large coverage 

pertaining to applications such as land classification, ocean surface properties, and 

climate processes.  For instance, climate phenomena, such as precipitation, soil moisture, 

and temperature, are remotely sensed and spatio-temporal data of their approximate states 

are obtained. The advancement of the remote sensing technology has improved the 

spatial and temporal resolutions of these datasets. Spatio-temporal analysis techniques 

include analytical model-based methods, exploratory analysis of geo-spatial patterns in 

epidemics, and data mining methods for knowledge extraction from large scale 

geophysical data [1]. Spatio-temporal analysis methods have been successfully used in 

understanding phenomena such as wildfire events in Florida [2], and land cover/ land use 

change in the yellow river delta in China [3]. Spatio-temporal analyses of geophysical 

data include i) recognition of hidden structures in data, ii) anomaly detection in large 

datasets, and iii) regression to discover temporal trends. These techniques were originally 

developed for temporal data and are recently extended to study spatio-temporal aspect of 

data [4].  
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Pattern recognition and signal processing are emerging tools for spatio-temporal 

analysis of geophysical data obtained from satellites observations. Broad arrays of 

methods are available for these applications.  Pattern recognition can be defined as an 

application of machine learning to engineering problems. Some examples of these 

engineering problems include anomaly detection, data fusion, object tracking and 

identification, and land surface classification, just to mention a few. In this area, the main 

objective is to learn hidden structures or processes from a large set of examples and apply 

that knowledge to analyze new unseen observations. In the context of remote sensing, 

pattern recognition is mainly used in applications such as image and data classification. 

Supervised and unsupervised classification of land surface images is a popular 

application of pattern recognition in remote sensing. For example, a satellite image of an 

urban area can be classified into different classes based on land use by using a simple 

classification algorithm.  

Two major signal processing tools used for spatio-temporal data analysis are 

digital spectral analysis and digital filters. Traditionally, spectral analysis tools, such as 

the discrete Fourier transform (DFT) and short-time Fourier transform (STFT), were 

developed only for one-dimensional data. These methods have fixed basis functions, for 

instance, complex exponential for DFT. Later, more sophisticated spectral analysis tools 

with adaptive basis functions were developed. Some examples include the discrete 

wavelet transform (DWT), singular value decomposition (SVD) analysis, and Huang 

Hilbert transform (HHT). An interesting application of wavelets for satellite images is 

image fusion. In image fusion, several images with varying spatial resolutions are merged 
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together into a final image which inherits superior qualities of all its contributors 

[5]. Recently, tools, such as multivariate spectral analysis, have been developed for 

spatio-temporal signal detection. An example of multivariate spectral analysis is the 

inquiry of interactions between several climate processes. Most well known global 

signals include the El-Niño Southern oscillation and North Atlantic oscillation.  The 

ensemble Kalman filter-based methods are most widely used in data assimilation. L-band 

microwave soil moisture observations from the southern Great Plains hydrology 

experiment were assimilated into a soil-vegetation-atmosphere model. An optimal 

ensemble size for robust assimilation performance has been determined for the 

experiment [6].   

The area of focus in this research is spatio-temporal analysis of two key 

hydrological variables surface soil moisture and precipitation. Soil moisture is one of the 

most important environmental variables in regional weather and global climate systems. 

In particular, it plays an important role in modulating the energy and water cycles of the 

Earth’s system [7]. It is also directly related to other bio- and geophysical variables, such 

as precipitation, vegetation characteristics, temperature, evaporation, and transpiration. It 

has been characterized as an “environmental descriptor that integrates much of the land 

surface hydrology and is a key variable linking the earth surface and the atmosphere” [8]. 

The soil moisture near the surface determines the partitioning of latent and sensible heat 

fluxes, evaporation and surface runoff.  Moreover, soil moisture in deeper layers also 

regulates how the ecosystems respond based on available water content in the soils [9]. 

Hence, the monitoring, analysis, and prediction of soil moisture is critical for weather and 



4 
 

climate studies of routine forecasting of weather events, including flooding; and for 

planting, irrigation and drought prediction, and management strategies for agriculture. 

The other hydrological phenomenon, precipitation, is also an important component of the 

global energy and water cycle; it is one of the main variables predicted in weather 

forecast models. Moreover, it is a key process in short-term meteorological and long-term 

climatological studies. Precipitation events are a driving force behind the hydrological 

phenomenon, such as floods and storms [10, 11]. These two variables are highly 

interdependent, for instance, spatio-temporal structure of soil moisture is dependent on 

long-term variability in precipitation [12 -14]. Based on this fact, the soil moisture 

observations can be used to estimate errors in precipitation retrievals, and those errors can 

be corrected by using assimilation with physics based water-balance models [15] . Before 

this type of assimilation, it is necessary to analyze and improve the consistency and 

accuracy of respective satellite based retrievals.  

In this research, we propose spatio-temporal analysis methods to accomplish the 

following tasks: (i) consistency analysis of satellite-based soil moisture data, (ii) 

interpolation of missing data in soil moisture datasets, and (iii) merging of satellite-based 

precipitation observations. Novel pattern recognition approaches are developed in the 

first and the third tasks. Existing signal processing methodologies are used and modified 

in the second task. This dissertation is structured as follows: (i) motivation behind each 

individual task, (ii) contribution for each application, (iii) discussion of related work in 

respective fields, (iv) methodologies to achieve the objectives, and (v) implementation, 

results, and discussion.  
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1.2 Motivation 

1.2.1 Consistency analysis of soil moisture data 

The soil moisture dynamics at the surface layer (Figure 1) is highly inter-related 

to hydrometeorological forcing fields (precipitation, air temperature, incident shortwave 

and longwave radiation) and other bio- and geophysical parameters, such as vegetation 

(type, fraction, leaf and stem area indices), topography and soil parameters (type, texture 

and hydraulic properties). Soil moisture budget can be modeled as a difference between 

accumulated precipitation and various forms of water distribution such as evaporation, 

transpiration, runoff and groundwater losses Huang et al. [16]. The spatial scale of the 

soil moisture is also characterized by the spatial heterogeneity of the vegetation and soil 

parameters (Figures 2 and 3).  The response of the soil moisture is a complex physical 

process that is determined by both the external hydrometeorological processes as well as 

the soil hydraulic properties. In the Lower Mississippi River Valley (aka. The Mississippi 

Delta), the soil moisture depends primarily on the soil texture which is used to determine 

the soil hydraulic properties [17].  Further, evapotranspiration also exerts a controlling 

influence on the variability of the soil moisture in this region during most of the year, 

except during the summer [18], (Anantharaj, V., 2010 – personal communication).  

Hence, sophisticated signal processing and pattern recognition techniques are necessary 

to extract and analyze the information content from soil moisture fields at multiple and 

spatial scales.  
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Figure 1. Concept of a Land Data Assimilation System (LDAS) illustrating the 

partitioning of the energy and moisture fluxes, including response of the 
surface soil moisture to external forcings (precipitation, temperature and 
radiation) and the vegetation and soil parameters. 

 
Figure Courtesy: Paul Houser, George Mason University. 
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A comparative time series analysis of soil moisture data with these land surface 

processes would provide insight into the above mentioned relationship. Traditional time 

series analysis tools such as windowed Fourier transform has many limitations such as 

aliasing for high-low frequencies and determination of optimal window length that make 

the process of time-frequency localization inefficient. Wavelet analysis is a very popular 

alternative for such analysis of geophysical time series data. An important objective of 

wavelet analysis is to understand localized variations of frequency components in the 

data. Thus, wavelet analysis decomposes the soil moisture time series into sequences at 

multiple temporal resolutions. These separate sequences in the wavelet decomposition 

should show the significant signals and their variations with correspondence to the 

contributions from the individual physical components in the soil moisture model. Parent 

et al, [19] studied the temporal variability (using wavelet analysis) in soil moisture time 

series at very short time scales from 1h to 2 weeks. It was found that for scales less than 

48h soil moisture is directly related to precipitation events, but for longer scales upto 

1week it depends on frequency of precipitation and for even larger scales 1 to 2 weeks it 

is linked to dry spells. An easy to follow wavelet analysis toolbox for analysis of 

meteorological time series was developed by Torrence and Compo [20]. A similar 

wavelet analysis between the soil moisture data and other related land surface processes 

would provide a better understanding of such physical significance of these wavelet 

based features.  Thus, energy and entropy features constructed from wavelet analysis 

would be very useful for analyzing the statistical agreement (consistency) between 

ground based and remotely sensed soil moisture data. 
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Moreover, soil moisture for a given grid cell is basically an average for a 

heterogeneous area with different possible land classes. For in-situ measurements, soil 

moisture budget also depends on the specific soil type (affects ground water loss and 

evaporation) and land cover (affects transpiration and runoff) (Figure 1). A wavelet 

analysis of spatio-temporal soil moisture data would address the relation between the soil 

moisture variations and the corresponding land classes.  
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Figure 2. Map of Land cover for the study region.  Scan sites are marked with 

Arabic numerals and site names are given in Table 1. 
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Figure 3. Soil texture map for a part of our study region. Scan sites are marked with 
Arabic numerals (Figure Courtesy: Mostovoy and Anantharaj [17]) 

 

Table 1. List of SCAN sites 

No. Site Name 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 

Goodwin Ck Timber 
Beasley Lake 

Onward 
Tunica 
Vance 

Perthshire 
Starkville 

Scott 
TNC Fort Bayou 

Silver City 
North Issaquena 

Sandy Ridge 
Mayday 

UAPB-Lonoke Farm 
UAPB Campus-PB 
UAPB-Marianna 

UAPB-Earle 
UAPB Point Remove 

UAPB Dewitt 
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Despite the diverse critical application needs, accurate measurement and routine 

monitoring of soil moisture at global scales remains a great challenge.  There is general 

consensus that most immediate requirement of a routine global soil moisture product at 

50 km resolution could be feasible using a combination of both in-situ measurements and 

remotely sensed estimates, assimilated into land surface models [8]. An approach to deal 

with this problem is the use of the Noah land surface model of NASA Land Information 

System (LIS) [21]. The idea is to downscale the data to higher temporal and spatial 

resolutions. Before assimilation of soil moisture data into the LIS, the validity of the data 

has to be verified. In this context, consistency analysis can be defined as an attempt to 

understand the spatio-temporal quality of satellite-based data with respect to in-situ data 

obtained at certain stations within the study region for the same temporal duration. 

 
1.2.2   Interpolation of geophysical datasets 

The time scales of interactions of the Earth’s subsystems are usually in the order 

of years or longer. These complex interactions result in quasi-periodic and low frequency 

fluctuations in the climate. A couple of advantages for studying these interactions are a 

better understanding of the climate and a possible improvement in the forecast of future 

climate. The complex nature of climatic interactions does not support any single 

methodology. Periodic components can be best understood using frequency domain 

methods. However, episodic events, such as volcanic eruptions, can be best studied using 

time domain methods. There are some phenomena in climate structure which exhibit both 

oscillatory and episodic behavior, for instance, the El-Niño southern oscillation. 
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Mann and Park [22] developed the multi-taper multivariate singular value 

decomposition (MTM-SVD) method, an improvement over the existing spectral analysis 

techniques, to study couplings between various climatic processes.  In a study on a 

synthetic data set, the MTM-SVD method has detected a spatio-temporal signal that is 

statistically significant over the underlying noise in the data. Los et al. [23] employed the 

MTM-SVD method on the datasets such as adjusted NDVI from the Advanced Very 

High Resolution Radiometer (AVHRR), precipitation and land surface temperature from 

the National Oceanic and Atmospheric Administration’s (NOAA) and the National 

Climate Data Center (NCDC), and sea surface temperature from the National Center for 

Atmospheric Research (NCAR). A principal mode, strong in sea surface temperature, 

was found corresponding to a 2.6 year period and related to the El-Niño southern 

oscillation index. Wu et al., [13] applied a SVD-based method to analyze the spatio-

temporal relationship between spring soil moisture and summer precipitation in the 

United States. The NCAR community climate model coupled with multilayer land model 

(CLM) was analyzed while simulating the US land-atmospheric system. The first SVD 

mode accounted for 27% of the covariance between soil moisture and precipitation, while 

the second mode has accounted for 16% of the variance. In a recent work, Kim and Wang 

[24] studied the influence of soil moisture on precipitation in North America and found 

that there was a considerable time lag for the soil moisture impact on precipitation. 

Overall, the SVD analysis has been a successful method for the analysis of the 

interactions between different phenomena and their overall influence on global climate. 


	Section_1_Title_cp_0040110.pdf
	Section_2__dedicate_Tables_contents_041510
	Section_3_Manuscript6


 
 
    
   HistoryItem_V1
   TrimAndShift
        
     Range: all pages
     Trim: none
     Shift: move left by 14.40 points
     Normalise (advanced option): 'original'
      

        
     32
            
       D:20100611141721
       792.0000
       US Letter
       Blank
       612.0000
          

     Tall
     1
     0
     No
     1183
     493
     Fixed
     Left
     14.4000
     0.0000
            
                
         Both
         14
         AllDoc
         55
              

       CurrentAVDoc
          

     None
     115.2000
     Bottom
      

        
     QITE_QuiteImposingPlus2
     Quite Imposing Plus 2.9b
     Quite Imposing Plus 2
     1
      

        
     6
     145
     144
     145
      

   1
  

    
   HistoryItem_V1
   InsertBlanks
        
     Where: after current page
     Number of pages: 1
     same as current
      

        
     1
     1
     1
     722
     411
    
            
       CurrentAVDoc
          

     SameAsCur
     AfterCur
      

        
     QITE_QuiteImposingPlus2
     Quite Imposing Plus 2.9b
     Quite Imposing Plus 2
     1
      

   1
  

 HistoryList_V1
 qi2base





