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Abstract 

The overland precipitation retrievals from satellite passive microwave (PMW) 

radiometer such as the Global Precipitation Mission (GPM) microwave imager (GMI) 

suffer from the contamination of observed brightness temperatures from the land 

surface. Microwave land surface emissivity is the quantitative indicator of the 

magnitude of the microwave radiance from the land surface. Research has shown that 

the estimation of PMW emissivity faces challenges because emissivity cannot be 

directly measured but it is highly heterogeneous and highly variable under the influence 

of various surface properties such as soil moisture, surface roughness and vegetation. 

Our research aims to achieve an improved quantitative understanding of the emissivity 

by studying the relationship between the emissivity and different surface parameters.  

Surface parameter information can be obtained through in-situ measurements 

(International Soil Moisture Network stations) and satellite measurements. In particular, 

the Soil Moisture Active and Passive mission (SMAP) provides global scale soil 

moisture data. The overarching goal of our work is to incorporate the SMAP soil 

moisture to improve the precipitation retrieval from GPM in order to bridge two 

satellite missions on the water cycle by linking remotely sensed precipitation with soil 

moisture.  

Our results quantitatively and holistically describe the variation of the emissivity 

with soil moisture, surface temperature and vegetation at various frequencies / 

polarization over different type of land surfaces. This sheds light into the processes 

governing the emission of the land and provides reliable support to the development of 

a physically based emissivity model.   



 xxii 

Moreover, while most of the emissivity retrieval approaches apply only to 

cloud-free scenes, the analyses established in this study can be used to reproduce and 

predict the emissivity also for the rainy/cloudy conditions when surface parameters such 

as soil moisture and vegetation are available. 

Furthermore, the analyses based on in-situ measurements serve as a benchmark 

for satellite-based models established using the satellite observations, which paves a 

way toward a global scale dataset of emissivity based on our models.  



 1 

1. Introduction 

Precipitation is a primary component in both global water and energy cycles 

(Held et al. 2006; Michaelides et al. 2008; Bengtsson et al. 2014). The distribution of 

water, its phase transition and associated energy affects the earth system (atmosphere, 

hydrosphere and cryosphere) (Oliver et al. 1995). Precipitation transfers the 

atmospheric water vapor to the surface, releasing latent heat and impacting the 

atmospheric circulation (Allen et al. 2002; Trenberth et al. 2011). Processes such as 

evaporation converts liquid water to atmosphere water vapor, absorbing energy, cooling 

the atmosphere and contributing to the formation of clouds and storms (Middleton et al. 

1966; Yau et al. 1996). These clouds and storms will again produce precipitation 

(Pruppacher et al. 1988; Rosenfeld et al. 2014). With types and intensities varying from 

drizzle to large hail, precipitation can bring natural disasters such as flash floods and 

blizzards and redistribute the regional water resources that are essential for agriculture, 

industry and life (Rosenzweig et al. 2002; Jiang et al. 2005). Therefore, the study of 

precipitation is vital to a holistic understanding of our planet's weather and climate, and 

is also influential to aspects of our life and society (Chahine et al. 1992; Hernández et 

al. 2005).  

Quantitative precipitation estimation (QPE) has long been a topic of extensive 

research in hydrology and meteorology (Huffman et al. 2009). It is challenging to 

maintain a long-term and consistent quantitative database of rain, snow, and other 

precipitation types such as hail and sleet, around the globe. Rain gauge, invented 

thousands of years ago, was the most common method to observe surface precipitation 
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before the era of remote sensing (Strangeways et al. 2007). However, ocean and remote 

areas are not accessible to rain gauge networks. Due to the discrepancies of rain device 

and measurement setup among different stations or networks, precipitation 

measurement using rain gauge suffers serious quality problems. In addition, because a 

rain gauge provides only a small sample volume, it is not representative over the large 

areas and is unable to depict the spatial variability of the whole precipitation systems.   

A few decades ago earth-observing satellites started to carry numerous 

instruments designed to measure various characteristics of a variety of hydrometeor 

(Bellerby et al. 2000; Ushio et al. 2003), which led to a number of studies to distinguish 

between precipitation types, to identify the location and coverage of precipitation, to 

observe the structure and dynamics of storms to cite a few (Levizzani et al. 

2007;Sorooshian et al. 2008). Precipitation measurement using satellite presents 

recognized advantages over the traditional rain gauge. First, satellites have a broader 

observation coverage as they fly over the regions where surface measurement is 

scarcely available, such as ocean. Second, measurement is often more consistent in data 

quality and sensitivity. The third point is that satellite sensors can provide high spatial 

and temporal resolution data. Additionally, when combined with land-surface data, it 

can support and improve a number of applications such as weather forecasting, climate 

and hydrologic modeling, as well as natural disaster monitoring. 

The remote sensing techniques fall into two general categories, passive remote 

sensing (Kawanishi et al. 2003; Joyce et al. 2004) and active remote sensing (Brandes et 

al. 1975; Kozu et al. 2001; Villarini et al. 2010).  Weather radar is an exemplar of active 

remote sensor (Harrison et al. 2000), operating by transmitting a pulse of 
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electromagnetic radiation and measuring the returned signals that are backscattered by 

the targets (Doviak et al. 1992; Bringi et al. 2001). In contract, passive remote sensors 

do not send signal but simply measure the incoming radiation (Ulaby et al. 1981). 

Examples are microwave and infrared imagers that use passive sensing techniques 

(Kidd et al. 2003). 

Passive remote sensing of precipitation is theoretically possible over the 

microwave and infrared spectral region (Ulaby et al. 1981). The wavelength of 

microwave radiation is around 1 cm, which is 1000 times larger than that of the infrared 

radiation that corresponds to a higher spatial resolution. Consequently, a geostationary 

orbit (36,000km) is appropriate for infrared sensors and low earth orbit (350-850 km) 

for microwave sensors. The following discussion excludes the infrared sensors.  

An electromagnetic wave in the microwave spectrum (1 to 200 GHz or 0.15-

30cm) can penetrate through clouds to collect information about the atmosphere 

(temperature, humidity, clouds, rain, etc.) as well as the earth's surface (temperature, 

vegetation, roughness, moisture, etc.) (Kidder et al. 1995). The physical basis for 

retrieving precipitation from passive microwave (PMW) measurements depends on 

distinguishing the radiation of the earth’s surface from the radiation coming from 

precipitation. Over the ocean, the microwave emission from the surface is strongly 

polarized while the emission from raindrops is non-polarized. Thus, by utilizing both 

the vertically and horizontally polarized radiation, precipitation can be efficiently 

separated from the underlying ocean surface. The microwave emission over land is 

more difficult to distinguish from rain because the emission from the land surface is 

highly variable in terms of polarization. Ongoing efforts in the satellite retrieval 
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community aim to characterize the passive microwave emission from land surface. Had 

we acquired a quantitative estimation of the land surface microwave emission, it could 

be subtracted from the total observed radiation to perform the precipitation retrieval.  

One method prevalent in PMW sensing of precipitation relies on the emission 

from cloud water and precipitation observed against a radiatively cold surface 

background. Rainfall rates are related to the magnitude of radiance difference. This 

method, unlike another method discussed below, is applicable to clouds with little or no 

ice. Nevertheless, terrestrial radiance without cloud must be ascertained beforehand, so 

it is generally only useful over ocean but not land. Another widespread method use the 

brightness temperature that is defined as the measurement of the radiance of the 

microwave radiation traveling upward from the top of the atmosphere to the satellite 

and expressed in units of the temperature of an equivalent black body (Petty et al. 

2006). This method supposes that ice in clouds scatters terrestrial radiation downward, 

producing a cold area in the imagery and thus establishing a linkage between the rainfall 

rate and the magnitude of brightness temperature depression. Notwithstanding the 

second method’s infeasibility for clouds without water, this method is quite effective in 

high-frequency channels where the surface effects can be minimized. 

A typical microwave radiometer is intended to receive the thermally emitted 

microwave radiation in two orthogonal polarizations, which are related to the vertical 

and horizontal polarizations of radiation emitted at the earth's surface or can be defined 

relative to either the normal to the surface or the viewing direction of antenna (Classen 

et al. 1974). Many PMW imagers designed for precipitation estimation have been 

operating over the last decades, such as the Tropical Rainfall Measuring Mission 
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(TRMM) Microwave Imager (TMI) (Simpson et al. 1996), Global Precipitation 

Measurement Microwave Imager (GMI) (Hou et al. 2014), Special Sensor Microwave 

Imager (SSM/I) (Ferraro et al. 1997), Special Sensor Microwave Imager Sounder 

(SSMIS) (Bommarito et al. 1993), Advanced microwave Sounding Unit (AMSU) 

(Weng et al. 2003) and Advanced Microwave Scanning Radiometer (AMSR-E) 

(Kawanishi et al. 2003). Among them, TMI and GMI attract special attention thanks to 

their unique colocation with active sensors -- precipitation radar (Kozu et al. 2001), 

which has revolutionized the measurement of precipitation from space by providing 

high-resolution 3-dimensional rain echoes in terms of radar reflectivity (Steiner et al 

2007). Inter-calibration between active and passive sensor in the some spacecraft has 

been used to assess the accuracy of PMW measurements, substantially contributing to 

improve the satellite QPE (Furuzawa et al. 2005). 

The current method used in GMI for overland QPE is based on the assumption 

that microwave scattering by frozen hydrometers is an indicator of rain rate. The 

retrieval algorithm builds upon physical or empirical models associating the scattering 

signature to surface rain rates. Nonetheless, this approach might be problematic due to 

its poor detection ability of precipitation produced by warm clouds. Undoubtedly, such 

retrieval method is inadequate and calls for improvements. In particular, the scattering 

signal can be complemented with the precipitation emission signal of precipitation. But 

the contribution from the surface to the measurements needs to be filtered out 

beforehand.  

Both electromagnetic theory and past research (Weng et al. 2001; Karbou et al. 

2005; Turk et al. 2012; Ferraro et al. 2013; Prigent et al. 2015) have implicitly 
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illustrated that the land surface emission is evidently influenced by the water in the soil. 

Thus it might be feasible to model emissivity quantitatively using the information of 

land surface variables. However, how the surface property impacts the land surface 

emissivity is not well understood yet and awaits more research.  

Soil moisture is one of the most important surface properties to characterize the 

surface status. Soil moisture is a primary state variable of hydrology and the water cycle 

over land, and is an initial or boundary condition of earth science models. An 

assessment of surface soil moisture is necessary for applications such as weather 

forecasting, climate change modeling, monitoring of agricultural productivity, water 

resources management, drought prediction, flood area mapping, and ecosystem health 

monitoring (Robock et al. 2000).  

Past researches (Koster et al. 2003; Hohenegger et al. 2009; Ruscica et al. 2015; 

Fort et al. 2015) suggest the existence of feedback between soil moisture and 

precipitation. Rain wets the soil and increases the soil moisture. In turns, the increasing 

soil moistures cause an increase in evaporation and change the low level humidity-

temperature profile in the boundary layer atmosphere, potentially leading to a higher 

probability of precipitation.  

However, traditional in-situ soil moisture measurements are incomplete, 

sparsely distributed, limited in area of coverage, short of standardization and 

handicapped by low sensitivity and resolution (Dorigo et al. 2011). For instance, the 

instrument can be Electrical Resistance Blocks or tensiometers while the sensor 

configuration can be stationary or portable. Lack of standardization bears potential 
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systematic errors. Therefore, measurements with high levels of accuracy and resolution 

in addition to standardization are imperative for scientific and societal applications.  

Satellite remote sensing is anticipated to mitigate some insufficiencies in the 

current soil moisture observation. The active or passive microwave satellite 

observations from AMSR-E (Owe et al. 2008; Njoku et al. 2003), ERS AMI, MetOp 

ASCAT (Bartalis et al. 2007), SMMR, SSM/I, WindSat (Li et al. 2010; Parinussa et al. 

2012) and SMOS (Kerr et al. 2010; Mecklenburg et al. 2012) have been used to develop 

the soil moisture databases. However, only SMOS was the only instrument specifically 

designed for soil moisture retrieval until January 31st, 2015, when the Soil Moisture 

Active and Passive (SMAP) mission was launched. SMAP, a new mission specifically 

dedicated to soil moisture retrieval is supposed to provide a global mapping of near 

surface soil moisture (Entekhabi et al. 2010). In our study, this newly available remotely 

sensed soil moisture data is incorporated in the development of a rigorous overland 

microwave emissivity model. 

The sensitivity of PMW emissivity to vegetation also underwent assessment 

(Weng et al. 2001; Karbou et al. 2006; Turk et al. 2014; Prigent et al. 2015; Tian et al. 

2014; Norouzi et al. 2015). Therefore, apart from soil moisture, other parameters such 

as vegetation and surface temperature are taken into account in this study.  

The motivation of our research can also stem from a large number of recent 

operational work in assimilating the microwave land surface emissivity into the 

numerical weather prediction model to improve the model’s accuracy (Weng et al. 

2003; Boukabara et al. 2011). 
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This study mainly attempts to disentangle the various parameters that might 

contribute to the microwave land surface emissivity (e.g., vegetation, soil moisture and 

surface temperature). The initial motivation is to better understand about how the 

surface properties can modify the variation of the overland passive microwave 

emissivity, to establish robust statistical models to quantify the emissivity using the 

measurements of surface parameters, to investigate the frequency-and-polarization 

dependence of the effect of surface parameters on the emissivity, to evaluate the 

sensitivity of the established statistical models over various underlying surface. The 

established emissivity models for different frequency and polarization over different 

surface types can be incorporated into the PMW algorithm to improve the precipitation 

retrieval for PMW radiometers in GPM constellation and to take effective utilization of 

low-frequencies channels in GPM radiometer.  Furthermore, this study aims to bridge 

SMAP and GPM, to achieve a synergistic use of the two promising NASA emissions, 

facilitating the new understanding of the interaction between soil moisture and 

precipitation and the air-land interaction, as shown in the Figure 1.1.1 

 

Figure 1.1.1 An illustration of a possible linkage between GPM and SMAP missions 
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Introduction in the section 1 will be followed by section 2 in which the 

instrument and algorithm of GPM and SMAP will be described. Section 3 provides the 

theoretic basis of microwave emissivity, the past and ongoing research on emissivity 

including the typical calculation methods and the currently available products. Data and 

methodology used in this study are presented in section 4. Section 5 presents the results 

and analyses based on the in-situ measurements. Section 6 focuses on a model 

developed with remotely sensed data, along with a comparison between the two models.  
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2. Instruments 

2.1 GPM 

The joint National Aeronautics and Space Administration and Japanese 

Aerospace Exploration Agency (JAXA) Global Precipitation Measurement (GPM) 

Mission is an international satellite constellation aimed to provide the next generation 

observations of both liquid and solid precipitation observation every three to four hours 

around the world.  

The GPM is an extension to the Tropical Rainfall Measurement Mission 

(TRMM) that produced over 17-year scientific database of precipitation over tropical 

and subtropical regions. In order to continue and expand TRMM's consistent 

precipitation observation, the GPM core observatory was launched on Feb 27, 2014 as 

the principal component of the GPM. It carries an active microwave sensor, the Dual 

Frequency Radar (DPR), and a passive microwave sensor, the GPM Microwave Imager 

(GMI). GMI is supposed to sample the amount, size, intensity and type of precipitation, 

from heavy-to-moderate rain to light rain and snowfall. The DPR returns the 3D profiles 

and intensities of liquid and solid precipitation. DPR and GMI do not only provide their 

measurement of geophysical parameters, but also act as a calibration reference to unify 

precipitation estimates from other operational and research satellites of the GPM 

constellation. 

The GPM core observatory, characterized by a 65° inclination and a 407-km 

mean altitude orbit, allows for a broad latitudinal coverage free from being locked into a 

sun-synchronous polar orbit, which enables frequent crossings with other constellation 

members and facilitates diurnal sampling of precipitation (Draper et al. 2015). The 
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GPM core observatory is noted for several new characteristics compared to its TRMM 

predecessor. First, differing from TRMM whose coverage is restricted to the tropics 

between 35°S-35°N, the GPM core observatory flies over higher latitude regions up to 

65° in latitude. Solid precipitation is more common in the higher latitude regions. 

Correspondingly, compared to the previous generation of instruments of TRMM, the 

accuracy and reliability in estimating solid precipitation become more urgent and await 

more effort. Moreover, TRMM primarily addressed the moderate and heavy rain in the 

tropics and subtropical areas, whereas GPM is extended to detect light rain and snow as 

well. Ice crystals produce a much weaker radar backscattered signal than liquid water, 

necessitating a improvement in the measurement sensitivity. These new requirements 

are tackled by enabling new high frequency channel (165.5 and 183.3 GHz) on GMI, 

and a Ka-band (35.5GHz) radar on the DPR.  
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Figure 2.1.1 GPM Swath Diagram 

2.1.1 DPR 

One of the noteworthy breakthroughs in remote sensing of precipitation is the 

introduction of active sensors. Despite that weather radar emerged during World War II, 

the first space-borne radar was not launched until 1997. Advantages of space-borne 

precipitation radar include a much lower dependence to the relief from the vantage 

point of space (decreased land surface contamination), uniquely direct and high-

resolution observation of vertical rain profiles. The typical challenges in the retrieval of 

precipitation with radar involve the phase state of hydrometeors and drop size 

distribution, temperature of precipitation particles, and inhomogeneity of rain 

distribution with the radar resolution. 

The GPM Dual-frequency Precipitation Radar (DPR) consists of a Ku-band 

precipitation radar (13.6 GHz) and a Ka-band precipitation radar (35.5 GHz). DPR 

provides three-dimensional profiles of precipitation water content and rainfall rate. The 

first upgrade of DPR, in comparison to the TRMM PR of single frequency setup, is that 

dual-frequency data of DPR can provide valuable information of particle size 

distribution (PSD) or drop size distribution (DSD) in rain and snow. In particular, the 

addition of Ka-band frequency can reveal the non-Rayleigh scattering effect in the 

higher frequency (e.g. multiple scattering, Battaglia et al. 2016). Therefore, the retrieval 

of DSD information can be considerably improved along with the accuracy and 

reliability of solid and liquid precipitation estimation, and the investigation of 

microphysical properties of storms. Secondly, the differential attenuation between the 

Ku-band and the Ka-band frequencies can help in the rain/snow delineation, such as 
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determining the freezing heights at which the solid precipitation transitions into liquid 

precipitation. This meets the objective and performance requirement of GPM to provide 

from solid precipitation observation at high latitude to characteristics of convective 

storms. Furthermore, the Ka-band radar (sensitivity 12 dBZ) is more sensitive to the 

light rainfall and snowfall that might not be detected by the Ku-band radar (sensitivity 

17 dBZ). In conjunction with the variable pulse repetition frequency (VPRF) technique, 

the number of samples at each IFOV is increased to achieve the 0.2 mm/h sensitivity. 

 

Fig 2.1.2 GMI scan patterns, KuPR (red circle), KuPR_HS (purple circles) and 

KuPR_MA(blue circules) 

 

As shown in Fig 2.1.2, DPR has three types of scan pattern that are KuPR 

normal scan, KaPR Matched beam (KaPR_MS) scan and KaPR high sensitivity beam 

(KaPR_HS) scan. All of them share the same centerline but the KaPR scan is wider than 

KuPR. The beams of the KaPR_MA scan are overlapped with the central 25 beams of 

the KuPR, whereas KaPR operates in the high sensitivity mode in Ka_HS scan, 

attempting to detect the light rain and snow with the minimum measurable rain rate of 

0.2mm/h, compared to the minimum measurable rain rate of KuPR of 0.5 mm/hr. KuPR 

has a lower sensitivity but a wider swath. Collocated measurements of KuPR and KaPR 
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can supplement each other and advance their capability to detect both deep convective 

storm in tropics and light rain and snow in the high latitude region, overcoming 

technical limitations in the previous generation of instruments.  

 

Figure 2.1.3 GMI brightness temperature on March 10, 2014 (left); three-dimensional 

precipitation rate from DPR radar reflectivity (right) 

2.1.2 GMI  

The GPM Microwave Imager (GMI) provides radiometric measurements from 

space at multiple microwave frequencies and polarizations. It is a multi-channel, 

conical-scanning, microwave radiometer with 13 radiometric channels ranging in 

frequency from 10.65 to 183.31 GHz. GMI is placed together with DPR. Thus, GPM 

core observatory is the only satellite carrying both active sensor and passive sensor, 

while other constellation satellites only have passive sensors. This co-location of DPR 

and GMI provides a unique opportunity to compare the high precision of precipitation 

radar measurement directly with radiometric measurement. Starting from GMI, the 

comparison can be extended to more passive microwave (PMW) sensors in GPM 

constellation. Therefore, the GMI instrument is a key component to achieve the GPM 

scientific goals because it serves as the link between the core observatory and the 
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constellation sensors. It allows the GPM core observatory to perform both as a 

‘precipitation standard’ and as a ‘radiometric standard’ for cross-calibration of the other 

GPM constellation members.  

Table 2.1 GMI required technical performance 

Channel #  

Center 

Frequency 

(GHz)  

Polari-

zation 

Earth 

Incidence 

Angle 

(degree)  

Beam 

width 

(degree)  

Footprint 

(km×km)  

Band 

width 

(MHz)  

1,2  10.65 V/H  52.821 1.72 32.1×19.4  100 

3,4  18.7 V/H 52.821 0.98 18.1×10.9  200 

5 23.8 V/H 52.821 0.85 16.0×9.7 400 

6,7  36.64 V/H 52.821 0.81 15.6×9.4  1000 

8,9  89 V/H 52.821 0.38 7.2×4.4  6000 

10,11  166 V/H 49.195 0.37 6.3×4.1  4000 

12 183.31 ±3  V 49.195 0.37 5.8×3.8  2000 

13 183.31 ±7  V 49.195 0.37 5.8×3.8  2000 

 

GMI shares similar features and channel set with other constellation radiometers 

listed in the following section (Draper et al. 2015). The low-altitude orbit and 1.22-m 

diameter antenna provide GMI with a finer spatial resolution than most of the 

instruments in the GPM constellation. Up to 6-km resolution is available at high-

frequency channel and approximately 25 km resolution at 10.65 GHz, in terms of 
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effective field of view (EFOV). GMI adopts conical-scanning geometry similar to its 

predecessor TMI instrument, as shown in Fig 2.1. With an earth-incidence-angle of 52.8 

degrees and 49.1 degrees respectively for 10.64- through 89-GHz channels and the 

166/183.3-GHz channels, GMI scans over a sector of 140 degrees wide centered about 

the spacecraft ground track vector, equivalent to an arc of 1190 km on the earth surface. 

In contrast, cross-track swaths of the KuPR and KaPR are 245 km and 120 km in width, 

respectively, overlapping the central portion of GMI swath. The overlapping part is 

essential for improving the retrieval algorithm. Other instrumentation information can 

be seen in Table 2.1. A comparison between the TMI and GMI can be found in Table 

2.2. 

Table 2.2 Instrumentation comparisons between TMI and GMI 

Instruments Number of 

channel  

Frequency range Swath 

width 

TMI 9 10-85.5Ghz 758.5km 

GMI 13 10-183 885km 

 

GMI directly measure the Level 0 counts, which is converted into the geolocated 

antenna temperature (Ta) by means of the sensor radiometric calibration. And antenna 

temperature is converted into brightness temperature (Tb) after antenna pattern 

correction (APC) and vicarious calibrations (GMI L1B manual cited). Besides derived 

top-of-atmosphere brightness temperature (Tb), other secondary ocean data products 

such as cloud liquid water, column-integrated precipitable water, sea surface 

temperature, wind speed, and vertical atmospheric water vapor profiles can be derived 



 17 

from GMI as well. The disadvantage of using PMW sensor is its larger field of view 

compared to the space radar and lower vertical resolution.  

2.1.3 GPM constellations 

Precipitation exhibits time-scale-dependent variability, ranging from the diurnal 

scale to sub-seasonal Madden-Julian Oscillation (30-90 days) to El Nino-Southern 

Oscillation (ENSO) (one to two years). Capturing precipitation variability at the global 

scale on temporal scales less than one day calls for measurements from as many sensors 

as possible. Capturing the variability on time scales longer than one year requires 

continuous records from consistently calibrated sensors. 

 

Figure 2.1.4 GPM constellation partners 

 

In order to achieve the required every-three-hour-updating and worldwide 

precipitation estimates and make data available in a near-real-time manner, a number of 

passive microwave sensors from other agencies are also included in the GPM 

constellation. Multiple constellation spacecraft allow for frequent spatial sampling of 
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precipitation everywhere in the world every 3h, as is shown in Fig 2.1.4.  Additionally, 

the orbital overpasses between GMI and other constellation members allow to compare 

the measurements of each constellation member, and help establishing the inter-

comparison algorithm to understand the physics of various microwave scenes. Other 

constellation radiometers are listed in Table 2.3.  

Table 2.3 list of constellation satellite in GPM 

Constellation 

Radiometers 

Launch Date End Date 

AMSR 2 May 18th, 2012 Active 

SSMIS F-16, Oct. 18, 2003 

F-17, Nov. 4, 2006 

F-18, Oct. 18, 2009 

Active 

Active 

Active 

Windsat Jan. 6, 2003 Active 

ATMS NPP, Oct. 28. 2011  Active 

AMSU A/B NOAA-15, May. 13,1998 

NOAA-18, Aug. 30, 2005 

MetOp-A, May. 21, 2007 

NOAA-19, Jun. 02, 2009 

MetOp-B, Sep 17, 2012 

Active 

Active 

Active 

Active 

Active 

SSM/I F-16 Oct 18, 2003 Active 
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2.1.4 GMI products 

GMI precipitation products can be classified as follows; Level-1 GPM Microwave 

Imager (GMI) and partner radiometers brightness temperatures and Level-2 Goddard 

Profiling Algorithm (GPROF) GMI and partner radiometers precipitation retrievals (Liu 

et al. 2016) 

2.1.5 GMI algorithm  

The passive microwave precipitation retrieval algorithm employed in GPM uses 

a-priori retrievals databases, consisting of the observed precipitation profiles and their 

associated brightness temperature (Tb) signals from the physical measurement from 

GPM core observatory. The a-priori databases are constructed by matching the GMI 

observed brightness temperature and the coincident DPR radar-derived surface rainfall 

and vertical hydrometer structure. The retrieval bases on a Bayesian inversion where the 

uncertainty weighed proximity of the observed Tb to the database Tb is used to compute 

a weighted average of the precipitation profiles. Consistent databases across sensors are 

employed to design consistent retrieval algorithms for all the GPM radiometers. The 

following discussion exclusively addresses the PMW retrieval over land surface.   

2.1.5.1 GPROF 2010 

In the previous version of Goddard profiling algorithm (GPROF 2010), the 

retrieval over land was not Bayesian because of our poor knowledge about land surface 

emissivity and the resulting inability to quantify the microwave emission from 

hydrometeors (Gopalan et al. 2010). Instead, the scattering signal by ice particles in the 

high frequency channels (i.e., 85-GHz), observed as a depression of the brightness 

temperature, was used through an empirical relationship with the surface rain rate. 
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Before retrieving precipitation, screening procedures were applied to determine the 

probability of rain for each pixel without regards to surface emission. However, this 

scattering index approach, though effective for convective storms with the existence of 

large frozen hydrometeors, exhibits inferior performance during the winter season 

typically characterized with stratiform precipitation. Brightness temperatures from 

PMW sensors alone fail to discern precipitation from cold surface because of the 

absence of scattering particles (Meyers et al. 2015).   

2.1.5.2 GPROF 2014 

The overland GPROF 2014 retrieval algorithm is fully Bayesian. It uses a 

database of co-located surface rainfall obtained from the ground-radar based Multi-

Sensor Quantitative Precipitation Estimation project (Zhang et al. 2011), and brightness 

temperatures coincidently observed during GPM overpasses. This database is 

segregated according to the land surface temperature, TPW and surface type. Unlike the 

GPROF 2010 primarily using the 85-GHz vertically polarized Tb values, all-channel 

brightness temperature vectors are utilized to search the best match in terms of 

brightness temperatures and surface precipitation in order to estimate the surface 

precipitation rate (Kummerow et al. 2015). 

Preliminary versions of this algorithm use the surface skin temperature (Tskin), 

Total Column Water Vapor (TCWV) or Total Precipitable Water (TPW) as ancillary 

data to constrain the Bayesian retrieval (Berg et al. 2006). A significant improvement in 

the present version is the addition of the Land Surface Class as an ancillary parameter to 

further constrain the searching work for the appropriate rain profiles corresponding to 

the observed brightness temperature. Land Surface Classes are clustered according to 
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their emissivities. In the GPM level-2 product output, the surface type index is a 

parameter indicating the land surface classes and is defined numerically using value 

from number 1-15, according to the land surface emissivity class/ocean/ coast/sea ice 

classification (see Table 2.4).  

Table 2.4 Surface type index in GMI level 2 radiometer product 

Values Surface type classification 

1 Ocean  

2 Sea-Ice 

3-7 Vegetation  

8-11 Snow 

12 Inland  

13 Non-frozen Coastline 

14 Sea-ice/Ocean 

15 Frozen Water/land Boundary 
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Figure 2.1.5 Surface type indexes from GMI, on June 10, 2015 

 

Recognizing the challenge of using emissivity, GPROF 2014 implements three 

types of overland retrievals: S0, S1 and S2 type. The S0 type retrieval assumes that 

when the land emissivity is unknown and applies a linear channel combinations.  S1 

type of retrieval applies when the land surface emissivity is known to some extend and 

specifically believed to have significant covariance across channels. It involves 

tabulated climatology of emissivity. The S2 retrieval type is used when the surface 

emissivity is either known or retrievable. Therefore, the GPM algorithm is intended to 

function differently over type S0 (the surface is unidentified), type S1 (the surface has 

unknown but consistent and repeatable emissivity properties) and type S2 (the surface 

emissivity is adequately understood and predictable using ancillary data). The last type 

is not applied at this time, as further research is needed to implement a robust scheme 

for the emissivity quantification. A latitude/longitude classification by land, ocean (or 

inland water), snow/ice and the three different boundaries (land-ocean; land-sea ice and 

ocean-sea ice) is given priority in the surface type classification. Further subdivision is 

executed using the mean climatological emissivity. All the clear-sky-scene SSM/I 

observations from 1993 to 2008 (Prigent et al. 1997) are used to derive a climatological 

land surface emissivity database with a spatial resolution of 0.25°×0.25° at the equator 

(equal-area grid) at monthly averaged intervals, and incorporating the correlation 

structure and the covariance matrices from A Tool to Estimate Land Surface 

Emissivities at Microwave frequency (TELSEM) (Aires et al. 2011). 
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The major systematic errors inherent in the GPROF 2014 algorithm steam from 

the quality of the a-priori database, the estimate of the forward model uncertainty and 

the ancillary information used to subset the a-priori database. Undoubtedly, an 

improved understanding of land surface emissivity would be a prerequisite to the 

construction of a more robust a-priori database. Further improvements in the GMI 

precipitation retrieval are essential for achieving the GPM performance requirements. 

Although active sensors such as DPR can provide refined observations of vertical 

precipitation profiles, active sensors are not available in other constellation radiometers. 

Besides, GMI has a larger swath than the radar and covers a larger surface as the 

constellation radiometers. Finally, translating the observed GMI Tbs to equivalent Tbs 

observed by the constellation radiometers requires that the computed Tb for the 

constellation radiometers are fully consistent with the a-priori database, even if other 

sensors have a variety of incidence angle and orbital parameters. An improved 

knowledge of the emissivity can ensure the consistency between the GPM DPR and 

GMI, but also across the microwave passive radiometer sensors of the GPM 

constellation. 

2.2 SMAP 

2.2.1 Soil moisture  

Soil moisture is usually defined as the water present in the unsaturated part of 

the soil profile, i.e., between the soil surface and the ground water level. It can be 

expressed in terms of soil water content or soil water potential (tension). The units of 

soil water content can be percent water by weight, percent water by volume or inches of 

water per foot of soil (Robock et al. 2000).  
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Soil moisture has been involved in both operational application and scientific 

research for diverse disciplines (Yeh et al. 1984; Seneiratne et al. 2010). It governs 

hydrological processes such as evaporation, infiltration and runoff, and contributes to 

various hydrological applications to support water managers and water resource 

decision-makers, Soil moisture drives ecosystem models (Daly et al. 2005), assists 

epidemiological modeling of water borne diseases, helps to predict agricultural 

productivity and supports the establishment of a bottom-up fire emission inventory for 

fire management. High-resolution soil moisture observations used in numerical 

modeling and data assimilation (Reichle et al. 2008) is anticipated to enhance the 

forecast of local storms and seasonal climate anomalies as well as drought and flooding 

monitoring.  In respect of science, soil moisture holds the meteorological memory for 

the climate system over the land and serves an important boundary condition for 

seasonal climate predictability over continental interiors.  

Atmospheric forcing is responsible for the long-term (approximately 1-4 

months) and large-scale (about 400-800 km) variability of soil moisture, while small-

scale spatial and temporal variability of soil moisture can be attributed to complex 

topography of natural landscapes, with spatially varying vegetation and soil types, and 

gravitational drainage and infiltration of water after heavy rains (Vachaud et al. 1985; 

Rodriguez-Iturbe et al. 1995).  

Research and operational applications of soil moisture have been long 

circumscribed by the unavailability of a long-term and high-resolution soil moisture 

database. In an effort to resolve this predicament, several in-situ soil moisture networks 

have been established and operating in the United States during the past decade, such as 
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Oklahoma Mesonet. However, current soil moisture networks are geographically 

constrained and unevenly distributed. For instance, only a few networks exist in Africa 

and South America. Moreover, these point measurements are insufficient to capture the 

spatial and temporal variation of soil moisture. Thus, remote sensing observations are 

expected to pave the way to complement the traditional ground-based soil moisture 

observing system. For example the European Space Agency (ESA) Soil Moisture and 

Ocean Salinity Mission (SMOS) mission currently flies an aperture synthesis L-band 

radiometer, which produces soil moisture derived from brightness temperature data at 

multiple incidence angles over the same ground location.  

2.2.2 SMAP mission 

The Soil Moisture Active Passive (SMAP) mission, launched by NASA on January 31, 

2015, is designed to study the global soil moisture at the top surface with a revisit 

frequency of 2-3 days. This new mission can help investigate the processes involved in 

water, energy and the carbon cycle, augment the monitoring capability of flood and 

drought, and support numerical weather forecast and climate prediction (Entekhabi et 

al. 2014).  
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Figure 2.2.1 SMAP mission (left); global soil moisture retrieved from SMAP 

SMAP carries two instruments which are a 1.41GHz L-band radiometer and a L-

band synthetic aperture radar (SAR) (Spencer et al. 2010). The combination of high-

resolution radar and high-accuracy radiometer observations was expected to provide 

enhanced soil moisture estimates. Unfortunately, the radar stopped operation on July 7, 

2015. Thus, our study will exclusively focus on the data derived from the radiometer 

measurements with a spatial resolution of 40 km and a relative accuracy of 1.3 K in 

brightness temperature.  The SMAP retrieval algorithms identify a pixel as retrievable 

only if the vegetation water content (VWC) is less than 5 kg/m2, urban fraction is less 

than 0.25, water fraction is less than 0.1 and DEM slope standard deviation is less than 

3 degree (Entekhabi et al. 2014).  

The SMAP orbit is a 685-km altitude, near-polar, sun-synchronous 6am/6pm, 8-

day exact repeat, frozen orbit. Sun-synchronous orbit provides observations of the 

surface at close to the local solar time for each orbit throughout the mission, enhancing 

SMAP sensors’ ability to detect the anomalies of soil moisture and hence improving the 

overall science accuracy of soil moisture measurements. The sun-synchronous at 

6am/6pm orbit attempts to minimize the Faraday rotation impact and also minimize the 

difference between canopy and soil temperature, and thermal difference between land 

cover types within a footprint.  

The reason to choose microwave radiometer for SMAP is discussed below. For 

visible infrared sensors, soil is masked by clouds and vegetation. Optical sensors 

operate by measuring scattered sunlight and are “daytime only”. In contrast, 

microwaves can penetrate through clouds and vegetation, can operate both day and 
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night, and are highly sensitive to the water in the soil due to the change in the soil 

microwave dielectric properties (Njoku et al. 1995).  

The effective sensing depth always decreases with increasing measurement 

frequency and vegetation attenuation increases with the measurement frequency (Kong 

et al. 1990;). Low frequency is preferred because we hope to achieve larger sensing 

depths and minimized vegetation attenuations. Therefore L-band (approximately 1 

GHz) was chosen and its advantages are discussed as follows (Wang et al. 1995). 

Firstly, atmosphere is almost completely transparent in the all-weather sensing in the L-

band frequency. Secondly, the transmission of signals from the underlying soil can pass 

through sparse and moderate vegetation layers (up to at least 5 kg/m2 of vegetation 

water content). Moreover, both day and night observations are available owing to the 

independence of solar illumination from the measurement (O'Neill et al. 2015). 

2.2.3 SMAP products 

SMAP products include the Level 1 calibrated, geo-located surface brightness 

temperature, Level 2 swath-based and Level 3 daily averaged surface soil moisture 

products both from radiometer measurements on a 36 km grid, Level 3 freeze/thaw 

products from radar measurements on a 3 km grid (Polson et al. 2012), Level 4 surface 

and root zone soil moisture and Level 4 Net Ecosystem Exchange (NEE) of carbon on a 

9 km grid.   

Our study mainly uses SMAP level 2 radiometer products. They provide high-

resolution of global mapping of surface soil moisture (0-5 cm) in cm3/cm3 derived from 

brightness temperatures on a earth-fixed, global, cylindrical 36 km EASE-Grid 2.0, 

globally between 85°N and 85°S (Dunbar et al. 2009). 
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2.2.4 Challenges in the soil moisture algorithm  

Though soil moisture is a technically possible target at L-band, the retrieval 

problem is complicated mainly by the requirement of ancillary information and the 

challenges posed by complex land conditions such as inland water bodies, snow cover, 

and the freeze/defreeze cycle.  

Apart from soil moisture, the L-band radiance measured overland by a passive 

microwave sensor over a non-frozen and snow-free surface is also a function of 

vegetation opacity and effective surface temperature. Other surface properties such as 

soil texture and surface roughness might have a significant impact as well. Therefore, 

any physically based soil moisture retrieval algorithm requires static parameters such as 

topography, soil type soil texture and landcover, as well as dynamic parameters such as 

vegetation coverage, surface temperature, snow coverage and freeze states, and surface 

precipitation. In order to assess the contribution of vegetation, the SMOS makes use of 

multi-angular information whereas the SMAP uses the vegetation indices derived from 

other satellites. 

The spatial resolution of the radiometer used in SMAP is 40 km, which is the 

same as SMOS and is a typical for the PMW sensors for soil moisture application. 

However, a footprint with such large coverage is subject to non-uniformity of the 

surface properties within the footprint, and can always include some water bodies, low 

to high vegetation coverage, possibly frozen and snow-covered surfaces, with varying 

topography. The heterogeneous land surface leads to a large variability of the surface 

emission at L-band and render the retrieval more challenging because the temporal 
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resolution of the heterogeneity of surface is typically smaller than the footprint size of 

radiometer. 

Different types of landcover (grassland, forest, cropland, etc.) might coexist 

within a single pixel. The soil moisture retrieval is only valid over certain types of 

surface. For example, let’s assume a pixel encompassing areas of low vegetation, dense 

forest and a lake. The signal contribution from the lake and the forest needs be 

estimated and eliminated when retrieving the soil moisture.  Hence the radiance from a 

single pixel is divided into two parts, one in which the soil moisture is retrieved, and the 

other in which the signal contribution is estimated without retrieving the soil moisture. 

The latter part is always believed to be constant and can be evaluated using external 

data, while the retrieval is applied only in the first part. 

Another challenge is associated with the concept of the penetration depth, which 

is related to the real part of the dielectric constant and determines the emissivity to the 

great extent. As a rule of thumb, the penetration depth can be approximately equivalent 

to one-tenth of the wavelength (Wilheit et al. 1978). Therefore, for a L-band passive 

microwave radiometer, the depth can be less than the top 2 cm of the soil layer. 

However, the penetration depth in reality depends on the magnitude of the soil moisture 

and soil profiles, leading to a potential source of error for the soil moisture estimation 

by means of the satellite PMW sensor.  
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2.2.5 Soil moisture retrieval 

The microwave portion of the electromagnetic spectrum, whose wavelengths 

range from a few centimeters to a meter, has long been the most promising for soil 

moisture remote sensing (Njoku et al. 1996; Owe et al. 2008). The theoretical basis of 

the microwave remote sensing of soil moisture is discussed herein.  

The dielectric constants of liquid water and dry soil are 80 and 5, respectively. 

Clearly, the dielectric property of a mixture of water and dry soil will be mush subjected 

to the amount of water. Therefore, the dielectric constant of a soil layer will increase 

with soil moisture, resulting in a decrease in soil emissivity or an increase in soil 

reflectivity (Dobson et al. 1985). It indicates the potential to obtain information on soil 

moisture given the soil emissivity or reflectivity. However, frozen soil free from any 

water content is also characterized by a low dielectric constant similar to the dry soil 

(Hoekstra et al. 1974). Therefore, a freeze/thaw flag is required to avoid such 

ambiguity. As discussed in section 2.1.3, the brightness temperature is proportional to 

the emissivity for a given surface soil temperature in the microwave spectral region 

(O’Neill et al. 2014). Thus, an increase of soil moisture comes with a decrease in 

microwave emissivity and a decrease in the brightness temperature. This relationship 

between the soil moisture, soil dielectric property, microwave emissivity and brightness 

temperature serves as the physical basis for the passive remote sensing of soil moisture.  

The observed brightness temperature in conjunction with the effective 

temperature, surface roughness parameter, vegetation opacity and vegetation single 

scattering albedo can be used to solve the soil reflectivity or emissivity and then the soil 

dielectric constant. Then a dielectric model (Wang et al. 1980; Dobson et al. 1985; 
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Mironov et al. 2009) incorporating the derived dielectric constant and ancillary soil 

texture can be used to estimate the soil moisture. 

Passive microwave sensors measure the natural thermal emission from the soil 

surface. The intensity of radiance is determined by both the dielectric properties and 

physical temperature of the target medium. The near surface soil layer is assumed as a 

mixture of water, inorganic minerals, organic material and air. Water always has a much 

larger dielectric constant compared to inorganic minerals and organic material. As a 

consequence, the radiance emitted from the near-surface soil layer can be approximated 

as a function of water content in the thin layer.    

 

Figure 2.2.2 Contributions to TOA brightness temperature (Kerr et al. 2010) 

As mentioned in section 2.2.3, the intensity of the observed emission is 

proportional to the Tb. If the microwave sensor is in orbit above the earth, the observed 

Tb is a combination of the emitted energy from the soil attenuated by any overlying 
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vegetation, the emission from the vegetation, the downwelling atmospheric emission 

and the cosmic background emission as reflected by the surface and attenuated by the 

vegetation, and the upwelling atmospheric emission (Figure 2.6; Kerr et al. 2010). At L-

band, atmosphere is nearly transparent and the atmospheric emission is negligible.  

A zero-order microwave emission model, commonly known as the tau-omega 

model (Mo et al. 1982; Brunfeldt et al. 1984; Jackson et al. 2013), is a well-known 

approximation to the radiative transfer equation. In the tau-omega model, the scattering 

within the vegetation and reflection at the vegetation-air interface are negligible by 

treating the vegetation layer primarily as an absorbing layer. Vegetation opacity is 

related to the total vegetation water content by taking the vegetation type and 

microwave frequency and polarization into consideration. The surface roughness is 

parameterized by a linear relationship of the root-mean-square surface height. 

Therefore, the ancillary data used in the soil moisture retrieval are the surface 

temperature, vegetation opacity (or vegetation water content and vegetation opacity 

coefficient), vegetation single scattering albedo, surface roughness information, land 

cover type classification, soil texture and identification of land, water, precipitation, 

mountain terrain and permanent ice/snow and dense vegetation (O’Neill et al. 2014). At 

time near to 06:00am (the time of the SMAP descending pass), air, vegetation and near-

surface soil layer are most likely in thermal equilibrium, the vegetation temperature is 

also most likely equal to the soil temperature and both of them are surrogated by a 

single effective temperature (Jackson et al. 2009; O’Neill et al. 2014).  Then the soil 

moisture can be retrieved by solving the surface reflectance using the Fresnel equation 

and the dielectric-soil moisture model. The Fresnel equation is shown to reveal the 
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behavior of an electromagnetic wave at a smooth dielectric interface. Most dielectric 

models share the same dependence on soil moisture, soil texture and frequency. Three 

typical soil dielectric models are Dobson, Wang and Schmugge and Mironov (Wang et 

al. 1980; Dobson et al. 1985; Mironov et al. 2009).  

 

2.2.6 SMAP soil moisture retrieval 

A baseline and four optional soil moisture algorithms are used in the 

radiometer's retrieval of soil moisture. They are named as Baseline Single channel 

Algorithm V-pol (SCA-V), Single Channel Algorithm H-pol SCA-H, Dual Channel 

Algorithm (DCA), Microwave Polarization Ratio Algorithm (MPRA), and Extended 

Dual Channel Algorithm (E-DCA), respectively (O’Neill et al. 2015).  

There are five general steps in the passive microwave retrieval of soil moisture: 

normalize brightness temperature to emissivity, eliminate the vegetation effect, correct 

for the soil surface roughness, retrieve the soil dielectric properties from emissivity and 

retrieve the soil moisture from dielectric models. 

In essence, this tau-omega model in SMAP retrieval algorithm relates the 

brightness temperature (SMAP L1 observations) to soil moisture (SMAP L2 retrievals) 

through ancillary information (e.g. soil texture, soil temperature, and vegetation water 

content) and a soil dielectric model. The algorithms differ in their approaches to solve 

for soil moisture from the model in terms of constraints and assumptions. 

The baseline algorithm converts the observed vertically polarized brightness 

temperature to emissivity. Retrieved emissivity is corrected for vegetation and surface 
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roughness to obtain the soil emissivity (Jackson et al. 1993). The dielectric constants are 

determined from the soil emissivity by the Fresnel equation. Eventually, the soil 

moisture is retrieved using a dielectric mixing model and ancillary knowledge of soil 

texture.  

The second and the third algorithm use the same retrieval procedure as SCA-V 

and the only difference is that SCA-H uses the horizontal polarized brightness 

temperature as the preliminary input data and DCA uses both horizontal and vertical 

polarized brightness temperature as the input. In DCA, a cost function (Φ2) that consists 

of the sum of squares of the differences between the observed and estimated Tbs is 

minimized iteratively along with the simultaneous adjustment of soil moisture and 

vegetation opacity (Njoku et al. 1999; O’Neill et al. 1995).  

The fourth algorithm MPRA is based on the Land Parameter Retrieval Model 

(Owe et al. 2001). It also uses both vertically and horizontally polarized brightness 

temperatures but it assumes equal soil and canopy temperature and same vegetation 

transmissivity and single-scatter albedo for both H and V polarization. The fifth 

algorithm, a variant of DCA, uses a different formulation of cost function trying to 

minimize the sum of squares of the difference between the observed and estimated 

normalized polarization differences. 
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3. Microwave Emissivity 

3.1 Theoretical Basis of Emissivity 

We recall some basic radiation concepts for the sake of completeness. Radiation 

flux is a measure of the total energy per unit time per unit area transported by an 

electromagnetic radiation through a plane or deposited on a surface (Petty et al. 2006). 

Radiance is the flux measured on a surface normal to the beam per unit solid angle in a 

particular direction. The Rayleigh-Jeans approximation can be expressed as,  

L! = ε
2kc
λ! T =

2kc
λ! T!    (3.1) 

for spectral radiance of wavelengths much greater than the wavelength of peak in the 

black body radiation formula, which corresponds to the microwave spectral range. For 

example, given the earth's body temperature at 300 K, the Rayleigh-Jeans 

approximation can be valid with a wavelength larger than 2.57 cm.  

Microwave radiometers measure the spectral radiance emitted by the target 

medium. If the microwave brightness temperature is defined as the product of 

emissivity and physical temperature, according to Rayleigh-Jeans approximation, 

microwave radiometers equivalently measure the brightness temperature. Therefore, if 

brightness temperature can be obtained from radiometer measurements and physical 

temperature can be ascertained beforehand, emissivity can be calculated by dividing the 

brightness temperature by the physical temperature.  

The brightness temperature emerging at the top of the atmosphere (TOA) as 

seen by a satellite radiometer is expressed as a sum of the upwelling atmospheric 

radiation including scattering, downwelling atmospheric radiation that is reflected 



 36 

upward by the surface and direct emission of land surface attenuated by the intervening 

atmosphere.  

Theoretically, the brightness temperature observed by the satellite sensor is 

further modified by atmospheric emission and attenuation. The formula is expressed as 

follows,  

𝑇!! = 𝑇!! + 𝑒𝑥 𝑝 −𝜏! 𝑇!! + 𝑟!𝑇!!   (3.2) 

where 𝑇!!and 𝑇!!   are the upwelling and downwelling atmospheric emission; 𝜏!is the 

slant atmospheric opacity and 𝑟! is the surface reflectivity. 

Microwave signal emanating at TOA is the combination of the surface and 

atmospheric contribution and the microwave emission of land surface itself being the 

product of the physical temperature and the surface emissivity. 

Basically, ocean and land surfaces exhibit distinctively different microwave 

emissions. For ocean, the surface is radiometrically cold and strongly polarized at 

microwave frequencies under low and moderate wind speeds conditions, contrasting 

with the randomly polarized microwave emission from hydrometeors. Thus, it is 

relatively easy to distinguish between microwave emissions from the ocean surface and 

rain. In contrast, the microwave emission from the radiometrically warm and highly 

unpolarized land surface is not easily distinguishable from the hydrometeors over land. 

Furthermore, land surfaces are typically highly nonhomogeneous and their associated 

emissivities are characterized by significant variability. Therefore, rainfall estimation 

techniques over land have primarily relied on the depression in the 85-GHz Tb from ice 

scattering. The corresponding algorithm is empirical in nature (Gopalan et al. 2010). 
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3.2 Emissivity in Precipitation Retrieval 

In the precipitation retrieval framework, different microwave emission 

characteristics from between land, ocean and coastal regions necessitate the 

development of different precipitation retrieval algorithms for the three types of surface.  

Most passive microwave techniques for precipitation estimation depend on the 

high-frequency channels, scattering-based schemes, due to the fact that the low-

frequency emission scheme is useless over the land surface. For instance, the previous 

overland precipitation retrieval for GMI is based on empirically derived Tb–rain-rate 

relationships, rather than relying on the physically based radiative transfer modeling of 

rainfall as is the case in ocean surface algorithm. In addition land surfaces are highly 

variable and associated with specific challenges. Some surfaces such as rain forests 

have been characterized while others such as semi-arid regions still require significant 

work before a truly physical model of the emissivity can be constructed over land. 

Regardless, the study of microwave land surface emissivity is essential. In particular, 

the GPM observations are more likely to be affected by the land surface emissivity 

because of its larger coverage with more complex surface characteristics than TRMM. 

The surface information can enable to exploit all-channel information for other 

applications such as retrieving soil moisture, snow water equivalent, sea-ice extent, sea 

surface temperature, atmospheric water vapor over ocean, and sea surface wind speed. 

Besides, accurate estimates of land surface emissivity can help numerical weather 

prediction model and development of reliable weather forecast products. Furthermore, 

emissivity estimates can also help research about global land surface characteristics, 
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such as vegetation monitoring, wetland extent and seasonality, soil moisture estimates, 

and snow characterization 

In order to develop a physically based overland precipitation retrieval algorithm, 

our understanding of the microwave emission, or quantitatively, of the land surface 

emissivity should be improved. However, there are many challenges in general. First, 

emissivity is not a quantity that is directly measurable; the microwave emissivity is 

fundamentally influenced by dielectric properties of materials within the top several 

centimeters near the land surface. Basically, the subsurface layer can be composed of a 

variety of earth materials, different types of minerals, organic matter, water and ice. 

Their dielectric constants change with external environment conditions and it is 

impossible to determine the relative amount of each earth material and estimate their 

individual contribution quantitatively and for each site.  

The heterogeneity of the land surface is also responsible for the large variability 

of emissivity. As mentioned above the typical footprint size of a PMW sensor is of at 

least 10 km, possibly including inhomogeneous surface areas consisting of different 

kinds of land cover (grassland, crop, forest, desert, urban area, shrubland, etc.), each of 

them with their own variability in surface emissivity. Simultaneously, microwave 

emissivities vary tremendously between different types of land surface, such as the 

notable contrasting behavior between rainfall forest and semi-arid region.  

The variability also results from the dynamic nature of emissivity. The large 

contrast in terms of dielectric constants between liquid water (~80) and dry soil (~5) 

explains that the dielectric property of a mixture of water and dry soil omitting 

vegetation is substantially subjected to the amount of water. Emissivity can be 



 39 

anticipated to be lower in conditions of higher soil moisture, as driven by the 

occurrence of rainfall. The emissivity of grassland, for instance, typically decreases 

abruptly when it rains and gradually regains higher values during the subsequent dry 

period.  

 

3.3 Emissivity Estimation Methods 

Two main categories of PMW emissivity estimation approaches can be land 

surface modeling and observational approaches (Turk et al. 2014). The merits and 

demerit of another category, physical retrieval, together with the two categories above 

have been discussed (Ferraro et al. 2013). Forward modeling (Ringerud et al. 2014; 

Boukabrar et al. 2011; Weng et al. 2001) are also attempted to estimate the emissivity 

(Norouzi et al. 2015). The performance of three categories of emissivities estimation 

approaches including physically modeling based on radiative transfer models, statistical 

modeling (Turk et al. 2014; You et al. 2014) and a hybrid of physical and statistical 

modeling (Ringerud et al. 2014) are assessed and compared (Tian et al. 2015). The 

hybrid approach is defined as use of the physically based retrievals in some channel 

while statistical covariance across channels is used to infer the emissivity in the other 

channels. A summery of the principles as well as the cons and pros of these emissivity 

estimation methods are presented below. 

3.3.1 Physically based method 

Physical modeling of surface emissivity using the surface parameters is a 

complex problem. Such a model must include radiative transfer from subsurface soil 

(which requires knowing soil type and soil moisture) to air and then scattering and 
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absorption-emission through the vegetation canopy that varies based upon frequency, 

vegetation type, and density [leaf area index (LAI)] as well as the water content of the 

plants themselves and any intercepted water or dew (Ringerud et al. 2013). Weng 

(Weng et al. 2001) introduced a method for physical modeling of emissivity by dividing 

the surface into three layers (i.e., soil, vegetation, and air) and by performing radiative 

transfer through these three media and their boundaries 

The retrieval methods referred to as “physical” are by the reason of the 

utilization of geophysical parameters coupled with a radiative transfer model. The 

relationship between the microwave emissivity and other land surface parameters (soil 

composition, soil moisture, vegetation water content and surface roughness, etc.) are 

applied in the radiative transfer model to estimate the physical-based emissivity. 

Typically such a model must involve radiative transfer from subsurface soil to air, 

which requires information of soil texture characteristics and soil moisture, and 

scattering and absorption-emission through the vegetation canopy medium, which is 

variable with the varying frequency, vegetation type, and density or leaf area index, as 

well as the vegetation water content and other forms of surface water in such as 

intercepted water or dew (Ringerud et al. 2014). The current prevalent radiative transfer 

models are the Community Microwave Emission Modeling Platform (CMEM) 

developed by European Center for Medium-Range Weather Forecasts (ECMWF) 

(Holmes et al. 2008; de Rosnay et al. 2009), and Community Radiative Transfer Model 

(CRTM) in the Land Information System-Community RTM developed at the NSAS 

Goddard Space Flight Center (GSFC) and at the Joint Center for Satellite Data 

Assimilation (JCSDA) (Kumar et al. 2006). 
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One impediment in the physical model is the input geophysical parameters. The 

large-scale or global-scale input variables which are required in physical models, such 

as soil moisture, surface roughness, and vegetation water content, are either unavailable, 

or with large errors and uncertainties. Therefore, the land surface model-driven 

emissivity model, whereby the hourly output of land surface model including the soil 

moisture, soil temperature, land surface temperatures, vegetation fraction and snow 

depths are used to drive the CRTM land surface emissivity models (Ferraro et al. 2013; 

Ringerud et al. 2014). CRTM is based on a two-stream radiative approximation (Weng 

et al. 1999). For instance, the community Noah LSM was used to assist the computation 

of emissivity (Kumar et al. 2006). This method relies on the dense media radiative 

transfer theory but its feasibility is dependent upon the availability of specific surface 

parameters (soil type, vegetation, etc.). It is also suggested that a dew/intercepted water 

layer may be a useful addition to the physical emissivity model (Ringerud et al. 2014).  

 

3.3.2 Satellite observation based methods 

The generic method uses radiative transfer calculation using satellite brightness 

temperatures in conjunction with temperature and humidity profiles as input, under 

cloud-free scenes and given a corrected cloud estimation. Then the results from the 

radiative transfer calculation are combined with corrected skin temperature to obtain the 

emissivity. In this satellite retrieval, the surface can be assumed as Lambertian 

reflection or specular reflection (Figure 3.3.1; Guedj et al. 2010). Lambertain reflection 

is typical proper for the very rough surfaces where radiation is isotropically reflected by 

the surface, while spectral reflection typically occurs over the flat surface and this 
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approximation is widely used (Prigent et al. 1997; Hewison et al. 1999; Morland et al. 

2001; Karou et al. 2006). This observationally based approach (Prigent et al. 1997; 

Karou et al. 2005) can directly derive the cloud-free emissivity from satellite 

observation if the atmospheric transmissivity and land surface temperature is 

ascertained.  

 

Figure 3.3.1 Types of surface scattering, Lambertain reflection (left), specular reflection 

(right) (Guedj et al. 2010) 

Satellite observation based method is supposed to be most accurate for the 

cloud-free scenes (Turk et al. 2014) and has been widely used (Felde et al. 1995; 

Prigent et al. 1997; Karou et al. 2005). For instance, microwave land surface 

emissivities were derived from cloud-free SSM/I all-channel (19, 22, 35, 85 GHz) 

observations (Prigent et al. 1998) by simultaneous inversion of the surface temperature, 

emissivity, atmospheric water vapor content and cloud liquid water. Using cloud 

distribution, surface skin temperature and clear/cloud sky flags from the International 

Satellite Cloud Climatology Project (ISCCP) along with water vapor from the National 

Center for Environmental Prediction (NCEP) model, the microwave radiative transfer 

model simulates the SSMI brightness temperatures over 7 channels. Then adopting the 

same data from ISCCP as first guess, the simulated brightness temperatures are ingested 

in a neutral network framework to calculate the surface skin temperature, water vapor, 
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cloud liquid water path and emissivity vectors. The absence of in-situ measurement of 

skin temperature is coped with near surface air temperature data by considering the 

solar zenith angle, surface humidity and cloud cover. 

Another example is emissivity product from AMSU observations. Identification 

of cloud-free observation and skin temperature are extracted from ISCCP, humidity and 

temperature profile are from the ECMWF reanalysis (Karbou et al. 2005).  

Retrievals were also attempted using the 91-GHz and 150-GHz cloud-free observations 

from collocated SSM/T-2 and radiosonde measurements (Felde et al. 1995). The dual-

polarized 19-GHz and 37-GHz emissivity for specific land surfaces including sand 

deserts, rainforest and savanna were carried out using SSM/I (Choudhury et al. 1993), 

whereby the comparison of the satellite observation retrieval of emissivity is compared 

to the prediction of emissivity from Fresnel equation, radiative transfer model and field 

data respectively. Microwave radiative emissivity was retrieved with simultaneous 

retrieval of surface skin temperature and dynamical cloud discrimination (Lones et al. 

1997), apart from the auxiliary information of in-situ atmospheric sounding used for 

atmospheric correction. The high frequency channels of the AMSU-B radiometer in 

conjunction with the radiation transfer model and the database of previously reported 

emissivities for a given snow cover amount are used to retrieve the falling snow over 

and adjust the surface emissivity (Skofronick-Jackson et al. 2004). More recently, the 

multichannel physical retrieval developed for the WindSat-based soil moisture retrieval 

algorithm (Li et al. 2010) has been adapted for TMI emissivity estimation (Turk et al. 

2012). 
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Usually the above emissivity models are hampered by the lack of accurate input 

data. An uncertainty on the skin temperature with +/- 4K leads to a 3% uncertainty in 

emissivity, +/- 15% uncertainty in humidity profiles increases the emissivity uncertainty 

by 3%, and +/- 1K uncertainty in temperature profiles contributes to 1% uncertainty in 

emissivity, while the effect of +/- 1K brightness temperature is negligible. Besides, if 

the emissivity falls into the range from 0.9 to 1, it does not make difference for using 

the spectral or Lambertain assumptions.  

 

3.3.3 Statistical method 

In contrast, the statistical modeling is established on the basis of statistical 

relationships derived from a long-term record data to predict the emissivity using some 

predictor variables (Aires et al. 2001; Turk et al. 2014; You et al. 2014).  

The network approach in addition to a training database of simulated data is 

used to retrieve surface temperature, integrated water vapor content, cloud liquid water 

path, and microwave land surface emissivities in the 19–85-GHz range from SSM/I Tbs 

over land (Aires et al. 2001).  

The principal component analysis together with empirical orthogonal functions 

(PCA-EOF) approach is also used to retrieve the emissivity from a dataset of historical 

instantaneous Tbs (Turk et al. 2014; You et al. 2014). This method is advantageous for 

the real-time application because only the instantaneous Tb data are needed as input 

once the statistical model is established.   
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Statistical models show better prediction performance compared to other 

approaches (Tian et al. 2015), if the current challenges and the limits in the physical 

modeling of emissivity are taken into consideration. However, the strength of the 

statistical methods does not invalidate the physical modeling approach. The robustness 

of the physical-based model is an ultimate test of our knowledge of the land surface 

radiative processes. Basically, the current physical-based emissivity model is largely 

practical rather than theoretical because lots of empirical relationship and 

parameterizations are used. Nevertheless, the statistical methods also have some 

drawbacks. Their performance is determined by the quality of sufficient long record 

dataset of Tb and emissivity. Moreover, the statistical retrieval is only applicable for the 

frequencies and view angles available in the historical data. 

 

3.3.4 Data assimilation method 

The Microwave Integrated Retrieval System retrieval and data assimilation 

system (Boukabara et al. 2011) simultaneously retrieves atmosphere and surface states 

in a 1DVAR approach starting with a first guess surface emissivity from mean retrieved 

clear sky values. While this approach yields an estimate of surface emissivity, it does so 

using an emissivity climatology including mean state and covariance matrices rather 

than a physical model directly computing emissivity as a function of the surface 

properties. 
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3.3.5 Theoretical model 

For completeness, we also brief the early work on the theoretical calculation of 

emissivity. Theoretical analyses are usually restricted to finding an effective emissivity 

for wet soil and vegetation at these frequencies (Weng et al. 2001). In the RADTRAN 

surface emissivity model (Isaacs et al. 1989), soils with varying wetness and vegetation 

are modeled as layers of continuous random media bounded by an underlying 

homogeneous soil layer.  

 

3.3.6 A widely used tool 

Realistic emissivity first guesses are required for many PMW emissivity 

retrievals discussed above and should be independent from the data to be used in the 

retrieval procedure. Pre-calculated monthly-mean emissivity climatology was calculated 

from TELSEM (Aires et al. 2011). TELSEM utilizes a parameterization of land-surface 

emissivities between 19 and 100-GHz, which was derived on basis of an exhaustive 

analysis of the frequency, angular and polarization dependence of emissivities obtained 

from SSM/I, TMI and AMSU (Prigent et al. 2008). The emissivity in the GMI 

algorithm is from TELSEM, which was developed with the Radiative Transfer for the 

Television and infrared Observation satellite operational Vertical Sounder (RTTOV) 

model. TELSEM can not only provide the global monthly estimates of emissivity over 

the 19-100Ghz range, and their uncertainties which are typically lower than 0.02 in 

snow-free regions, but also climatology of the error-covariance matrices that include the 

reference climatology uncertainties and the emissivity interpolation errors for a given 

frequency, viewing angle, and polarization state. 
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3.4 Challenges in Emissivity Retrieval 

Two categories of factors are responsible for the inconsistency among current 

land emissivity databases (Norouzi et al. 2015). The first category relates to the sensor 

parameters such as incident angle, data acquisition time, footprint size, frequency and 

polarization. For instance, shifts in instrument footprint locations, different acquisition 

times and calibration process would enhance the uncertainties originating from the 

heterogeneity of the land-surface radiometric properties. 

Retrieval methods and ancillary data represent the second category of factors 

explaining the discrepancies among different land emissivity products. For example, the 

physically based method benefits from an exhaustive analysis of parameters but its 

success relies on the quality of input data, some of which are unattainable or exhibit a 

poor quality at the global scale. On the other hand, the emissivity calculation based on 

satellite observation together with radiation transfer models is only suitable for cloud-

free sceneries, because of the intricacy in eliminating the atmospheric contribution and 

the associated strong atmospheric scattering and absorption of land-surface signals 

under the cloudy/rainy scenarios (Tian et al. 2015). Specifically, at higher frequencies 

over 19GHz, the atmospheric contribution might be significant, making the cloud-free 

retrieval erroneous. Even for a cloud-free atmosphere, there are many error sources that 

are accounted for uncertainties in emissivity retrievals, including instrumental errors, 

inaccuracies in the atmospheric profile data, imperfect cloud screening, and 

misrepresentation of the land-surface temperature (Jones et al. 1997; Prigent et al. 2005; 

Yang et al. 2011; Tian et al. 2013). Additionally, observations from different satellites 
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(SSM/I, AMSR-E, TMI etc.) and different kinds of ancillary might be used in these 

satellite-observation based retrievals. For instance, land surface temperature might be 

from reanalysis data (such as MERRA) or from satellite sensors (MODIS/GOES-5). 

These can contribute to the discrepancies and inconsistency of the emissivity estimates.  

One major problem in estimating emissivity is the lack of “ground-truth” data 

for validation and comparison, especially on the global scale. A few field campaigns for 

land emissivity studies existed in the past but most of them are limited to small-scale 

areas and short-term, and are seldom abreast with any specific satellites (Tian et al. 

2014). The robustness of emissivity retrievals have to be evaluated by checking the 

spatial and temporal consistency of the known surface properties, or by checking the 

spectral, angular and polarization variation from different instruments, or by comparing 

to emissivity models. However, this exercise is limited since the emissivity radiative 

transfer models themselves are not reliable enough to reproduce the spatial structure due 

to the complex radiative transfer interaction and because of the inputs uncertainties on 

variables such as texture and roughness.  

 

3.5 Emissivity Products 

Global land emissivity retrieval was first developed (Prigent et al. 1998) using 

the brightness temperatures from the Special Sensor Microwave Imager (SSM/I). Other 

available products were proposed later from other sensors, such as the Advanced 

Microwave Scanning Radiometer – Earth Observing Sys- tem (AMSR-E) (Norouzi et 

al. 2011; Moncet et al. 2011), the Advanced Microwave Sounding Unit (AMSU) 

(Karbou et al. 2005), and the Tropical Rainfall Measuring Mission (TRMM) 
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Microwave Imager (TMI) (Furuzawa et al. 2012). Four microwave emissivity products 

(Norouzi et al. 2015) are discussed as follows. 

The SSM/I-derived emissivity product is produced by the Centre National de la 

Recherche Scientifique (CNRS) in France (Prigent et al. 1998, 2006). SSM/I started to 

operate since 1987, allowing this dataset to have the longest record of emissivity 

estimates at frequencies over the range 19 to 85 GHz. The 3-hour International Satellite 

Cloud Climatology Project (ISCCP) skin temperature and the NCEP reanalysis for air 

temperature and water vapor column are ancillary data in this dataset. The satellite 

observations and the ancillary data are all gridded on a 0.25° × 0.25° equal-area grid 

(Prigent et al. 2006). 

The 6-year 0.25°×0.25° global emissivity data from the AMSR-E instrument 

over the channels of 6.9, 10.65, 18.7, 23.8, 36.5, and 89.0 GHz is available on monthly 

basis. It is processed by the National Oceanic Atmospheric Administration (NOAA) 

Cooperative Remote Sensing and Technology (CREST) center (Norouzi et al. 2013). 

This data uses TIROS Operational Vertical Sounder (TOVS) for skin temperature, 

ISCCP for cloud mask, and atmospheric information (Rossow et al. 1999).  

Another 0.25°×0.25° AMSR-E-based monthly emissivity database from 

Atmospheric and Environmental Research Inc. (Moncet 2011) is also derived from 

AMSR-E brightness temperature with using MODIS LST to represent the emitting 

temperature of the surfaces and ancillary data (the 1°×1° National Centers for 

Environmental Prediction (NCEP) Global Data Assimilation System (GDAS) analysis) 

to define the atmospheric contribution. Monthly mean values are obtained from the 

daily product with the highest possible level of clear condition that yields an adequate 
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number of samples passing quality control. The microwave emission depth and 

effective emissivity are estimated by fitting the solution of a thermal diffusion equation 

to a one-month time series of clear-sky measurements, assuming sinusoidal diurnal 

surface forcing.  

TMI observations have also been used to derive an emissivity database, 

processed by Nagoya University at the monthly scale (Furuzawa et al. 2012). Japanese 

25-year Reanalysis (JRA-25) dataset is used as ancillary data (Onogi et al. 2007) in 

conjunction with an interpolation technique based on TMI acquisition time for each 

pixel.  

Another Windsat-based emissivity estimates use ancillary data from the 

Atmospheric Infrared Sounder (AIRS) and NCEP data (Turk et al. 2014) by adopting a 

maximum likelihood estimation (Li et al. 2010).  

 

3.6 Relationship between the Surface Properties and the Emissivity 

The past ground experiments and theoretical studies have demonstrated strong 

relationship between the microwave land surface emissivities and the variation of soil 

moisture and crop canopy (Ulaby et al. 1986; Norouzi et al. 2012). It is widely accepted 

that the emissivity is notably variable and prone to the surface properties (Ferrao et al. 

2013) and a robust description of microwave emission requires the knowledge of 

several parameters that include soil moisture and temperature, surface roughness, 

vegetation structure and vegetation water content (Raju et al. 1995; Njoku et al. 2006).  
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Moreover, this relationship is frequency-dependent. Many studies (Choudhury et al. 

1987; Kerr et al.1990; Njoku et al.1999; Owe et al. 2001; Fily et al. 2003; Gao et al. 

2006) have shown the multifrequency sensitivities of satellite microwave observations 

to soil moisture and vegetation. In turn, there are some studies retrieving the 

information of near-surface soil moisture using the microwave radiance which is based 

on the relationship between the microwave radiance and surface properties (Bauer et al. 

2005).  

In general, the vegetation has large emissivity whereas desert is characterized by 

low emissivities. And emissivity is larger and stabilizes under larger vegetation water 

contents (e.g., becomes less sensitive to soil moisture conditions) and very low soil 

moisture conditions (where there is often little or no vegetation) (Turk et al. 2013).  

 

3.5.1 Soil moisture 

The primary soil characteristics affecting emissivity are the volumetric moisture 

content, surface roughness, and the volume structure and texture (Njoku et al. 2006). 

The surface roughness is supposed to increase scattering and surface area, resulting in 

an increasing soil emissivity. However, among these characteristics, soil moisture 

invites most research and the large soil moisture value is closely related to low surface 

emissivity (Ulaby et al. 1986; Calvet et al. 1995a, 1995b; Le Vine et al. 1996) and 

associated the low observed brightness temperature (Ferrao et al. 2013). It can be 

theoretically explained by the discrepancy of large dielectric constants between water 

and soil. Soil moisture increases the dielectric constant of the soil–water mixture and 

thus decreases the soil emissivity. It is supported by the real scenarios soaking of the 
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near-surface soil layer by rain inevitably triggers a notable decrease in emissivity. 

Additionally, it is believed that the emissivity from horizontally polarized channels 

exhibits a higher sensitivity to the moisture than that from the vertically polarized 

channels (Lin et al. 2000).  

Soil layer can obtain moisture from both condensation and infiltration during the 

night owing to radiative cooling and resultant rewetting of surface, resulting to the 

noticeable diurnal variation of soil moisture. The diurnal variation of emissivity 

accounts for a large part of the original variation of emissivity if there is no near-time 

precipitation events, which is the abreast with the diurnal variation of the shallow-layer 

soil moisture (Jackson et al. 1997). Specifically, the more uniform soil moisture vertical 

profile during the early morning can be responsible for the relative low early morning 

emissivity (Lin et al. 2000). The dependence of emissivity on the soil moisture varies in 

terms of soil texture. When clay content increases, more bound water is in the soil 

system, leading to a lower dielectric constant (Owe et al. 1998; Ringerud et al. 2014).  

 

3.5.2 Temperature 

Emissivity estimated from the satellite observation can be sensitive to the 

surface skin temperature (Prigent et al. 1997). Most variation of emissivity on the 

absence of precipitation appears in form of diurnal variation, which might correspond to 

the diurnal variation of the surface temperatures (Lin et al. 2000). Increasing the 

temperature of the first layer of soil under the vegetation produces a slight decrease in 

emissivity in all channels, with a slope that increases with frequency (Ringerud et al. 

2014). Studies have pointed out that (Norouzi et al. 2012) the discrepancies between 
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emissivity of the nighttime overpasses and emissivity of the daytime overpasses and one 

possible explanation is that the brightness temperatures do not origin from the same 

penetration depth as the surface skin temperatures that use the retrieved infrared skin 

temperature as the surrogate. Therefore a few emissivity retrievals (Moncet et al. 2011) 

take the effect of penetration effect of brightness temperature and skin temperature into 

consider.  

Skin temperature is believed to be about 0.5-5 K lower than air temperature and 

similar to or less than the dew point temperature. However, it is not easy to define 

surface skin temperature as “seen” by the radiometer. The radiometric temperature 

depends upon the vegetation and associated evaporation. Through the latent heat 

exchange that occurs during evapotranspiration, the vegetation canopy actively controls 

its temperature in contrast to bare soil, as suggested by the smaller amplitude diurnal 

variability observed over densely vegetated areas (Norouzi et al. 2012). Skin 

temperature may also depend upon soil properties, and emission depth varies with 

frequency (Galantowicz et al. 2011).  

 

3.5.3 Vegetation  

Microwave radiance has been used in the retrieving information about 

vegetation, including water content, canopy height, density, structure, and phenology 

(Calvet et al. 2011; Jones et al. 2011). Vegetation alters the soil emission through 

scattering and attenuation (Sibley et al. 1973; Eagleman et al. 1976), and very dense 

vegetation can completely obscure the soil MWE signal (Harrison et al. 2016). 

Vegetation acts as an attenuating and emissive layer above the soil, with characteristics 
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determined by its water content, geometric structure, and spatial distributions of stem 

(trunk, branch) and leaf components (Njoku et al. 2006) and canopy architecture (shape, 

orientation, density). Among these vegetation characteristics, the vegetation water 

content is most likely to affect the microwave radiation (Jackson et al. 1991; Calvet et 

al. 1995a; Wigneron et al. 1997).  

In the tau-omega model, the emission emitted from a two-layer medium consists 

of the direct vegetation emission, the vegetation emission reflected by the soil and 

attenuated by the canopy layer, and the soil emission attenuated by the canopy. If the 

soil temperature and canopy temperature are assumed equal, the emissivity over a 

vegetated surface is theoretically given by 

𝑒! = 1− 𝜔! 1− 𝛾! 1+ 𝛾!𝛤!! + 1− 𝛤!! 𝛾!    (3.3) 

𝛾! = 𝑒𝑥 𝑝 −
𝜏!
𝑐𝑜𝑠𝜃     (3.4) 

𝜏! = 𝑏!𝑊!       (3.5) 

where 𝛾! is the attenuation factor, 𝜔! is the single scattering albedo that depends on the 

vegetation structure and water content (Njoku et al. 2006), 𝛤!! is soil reflectivity, and 𝜏! 

is the optical depth and could be empirically related to the total vegetation water content 

𝑊!(𝑘𝑔/𝑚!) using the so-called 𝑏! parameter (Jackson et al. 1991; Wigneron et al. 

1995).   

A linear relationship between attenuation and vegetation water content (Jackson 

et al. 1991; Le Vine et al. 1996) also supports the effect of vegetation canopy on the 

microwave surface emission. However, the vegetation effect might be nonlinear and 
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suggested by a sharp increase, the leveloff and a decrease trend from the scatterplot of 

the emissivity and LAI (Ringerud et al. 2014). Moreover, the vegetation effect is 

supposed to be dependent on the vegetation types, climate regimes, and soil background 

(Hunt et al. 2011). Besides, the influence of polarization and vegetation structure is 

assumed to be weak for a randomly organized canopy, particularly at coarse scale 

satellite footprint resolutions (Turk et al. 2014). Under vegetated conditions, a flat or 

slight increase in emissivity with frequency is expected whereas a more dramatic 

increase in emissivity with frequency would be expected when vegetation is low. 

 

3.5.4 Other factors 

Precipitation modulates the emissivity dynamically. Emissivity might return 

back to its normal level approximately 2-3 days after the rain.  

It is also suggested by other studies (Lin et al. 2000) that the reason why 

emissivities for cloudy scenes are lower than those for the clear-sky scenes is owing to 

the less evaporation from the underlying surfaces in the cloudy skies. 

Liquid water in the form of dew or interception of precipitation by a vegetation 

canopy can also have observable effects on emission in the passive microwave regime. 

The dew effect typically covered over the vegetated surface is quite similar to that of 

soil moisture, whereby the water layer absorbs part of microwave radiation emitted 

from the soil and vegetation and reflected downwelling microwave radiation back into 

the atmosphere (Jackson et al. 1999; Lin et al. 2000). The water held by leaves after the 

rain can also increase the backscattering of microwave emission, which then gradually 



 56 

drop to the normal levels as a result of the evaporation of the water on the leaf surfaces 

(Lin et al. 2000).  Therefore, the absence of rainwater interception by vegetation can 

lead to an even larger decrease in emissivity after precipitation (Wigneron et al. 1996). 

After reviewing and consider the possibility of effect of surface parameters on 

the variation of emissivity, our research works toward a dynamic emissivity database, 

especially uses these surface information (soil moisture, temperature and vegetation) to 

better characterized the surface emissivity under both cloud-free and precipitation 

scenes, to get a knowledge of the variability of the overland PMW emissivity under a 

variety of conditions. Our model might work in the rainy emissivity. This adjustment of 

the emissivity following precipitation events may provide a more realistic emissivity 

structure, for example, during or after sustained precipitation (where clear-scene 

emissivity retrievals are not designed to function) (Ferrazzoli et al. 2010; You et al. 

2013). 

 

 

 

 

 

 

. 
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4. Data and Methodology 

4.1 Data 

4.1.1 Emissivity data 

The emissivity data used in this work are derived from the methodology (Turk et 

al. 2014), which is briefly recalled hereafter. A principal component (PC) analysis of a 

global emissivity dataset is performed over a variety of surface conditions. The 

emissivity PC structure is expressed as a function of nonlinear TB combinations and 

converted into the desired emissivity vector without any ancillary information of 

atmospheric profiles or surface temperature. There are several benefits coming with 

applying this technique. Firstly, it uses the brightness temperature as the only input so 

avoids using auxiliary data that might be low-qualify. Secondly, emissivity adjustments 

are allowed in the PC space and the adjustments can be used to estimate the emissivity 

under precipitating scenes, in contrast to the other emissivity retrievals that are only 

valid for clear-sky cases. One example is shown in Figure 4.1.1. As is shown in Figure 

4.1.1, the emissivity of the horizontally polarized channel is lower than the vertically 

polarized channels and the spatial variation of the horizontal polarized emissivity is 

more heterogeneous than that for the vertically polarized channels. Specifically for the 

10GHz H channel, a very low region (blue dot) is located in the north Texas but this 

low-value region gradually diminishes for the 89GHz channel. And with the increasing 

frequency, the spatial variation, no matter for horizontally or vertically polarized 

emissivity, becomes more homogeneous, indicating being less prone to the surface 

heterogeneity.  
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Figure 4.1.1 Example emissivity map from GMI on May 11, 2015 

4.1.2 Soil Moisture data 

As discussed above, SMAP L2 Radiometer Half-Orbit 36km EASE-Grid Soil 

Moisture (SPL2SMP) data is used for the statistical modeling of remotely sensed 

datasets.  
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4.1.3 Surface temperature data 

For the purpose of consistency, the operational land surface model surface 

temperature product used as an ancillary data for the SMAP level 2 product is used 

herein (Ancillary Data Report: Surface Temperature). It is from the NASA Goddard 

Earth Observing System Model, Version 5 (GEOS-5) forward processing system. 

GEOS-5 is a near-real time atmospheric modeling and assimilation system (Lucchesi et 

al. 2013) that is of the same lineage as the NASA/GMAO global atmospheric reanalysis 

(MERRA). GEOS-5 currently provides data at 0.25 x 0.25 degree spatial resolution, 

which is similar to the spatial resolution of the SMAP level 2 soil moisture retrievals. 

 

4.1.4 Vegetation indices 

Two kinds of vegetation indices (VIs) are used: the normalized difference 

vegetation index (NDVI) and the enhanced vegetation index (EVI) from the Moderate 

Resolution Imaging Spectroradiometer (MODIS) (Justice et al. 1998; Justice et al. 

2002). Vegetation Indices (VI) are empirical but robust indicators of the vegetation 

activity (Tucker at al. 1979; Huete et al. 2006b).  

VIs product from MODIS are produced on 16-day intervals and at multiple 

spatial resolutions including 250 m, 500 m, 1 km and 0.05 degree spatial resolutions 

(Huete et al. 1999). In this research, both 250m-resolution MOD13Q1/MCD13Q1 and 

500m-resolution MOD13A1/MCD13A1 are used for in-situ data modeling and remote 

sensing data modeling, respectively. 
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4.1.4.1 Physical basis for VIs 

Vegetation indices are composite indicators of the vegetation canopy greenness, 

a property of the leaf area, leaf chlorophyll, canopy cover and canopy structure (Myneni 

et al. 1995; Huete et al. 2006a). And VIs can be used to estimate the canopy state 

variable (e.g., leaf area index, fraction cover) and canopy biophysical processes (e.g. 

photosynthesis, net primary production) (Huete et al. 2006b). 

They are derived from daily, atmosphere-corrected, bidirectional surface 

reflectance in the red, near-infrared, and blue wavebands. They are designed to enhance 

the vegetation reflected signal from measured spectral responses by combining two (or 

more) wavebands, often in the red (0.6 - 0.7 µm) and NIR wavelengths (0.7-1.1 µm) 

regions (Huete et al. 1999). The NDVI product is the continuity index of the NOAA-

AVHRR derived NDVI global dataset covering approximately 27-year (Huete et al. 

2006b). The NDVI is commonly expressed as a normalized transform of the NIR to red 

reflectance ratio and designed to standardize VI values to between −1 and +1. EVI 

minimizes canopy-soil variations and is characterized by improved sensitivity over 

dense vegetation conditions or high biomass regions through a de-coupling of the 

canopy background signal and a reduction of atmosphere influences. The formula of the 

VIs can be written as follows (Rouse et al. 1973; Huete et al. 2002) 

𝑁𝐷𝑉𝐼 =
𝜌!"# − 𝜌!"#
𝜌!"# + 𝜌!"#

  (4.1) 

𝐸𝑉𝐼 = 2.5
𝜌!"# − 𝜌!"#

𝜌!"# + 6𝜌!"# − 7𝜌!"# + 1
  (4.2) 
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Both indices are positive with the presence of the vegetation and increase with 

the increasing vegetation density, while they are negative for the clouds, water and 

snow, and are near zero for the rock and bare soil (Felde et al. 1998). The difference 

between NDVI and EVI is that EVI depends on the near-infrared canopy reflectance 

that is less likely to saturate and can remain sensitive to the canopy greenness even in 

high leaf are index (LAI) canopies, especially for the forest regions (Huete et al. 2002; 

Thenkabail et al. 2015) 

 

4.1.4.2 MODIS VIs algorithm 

A higher temporal resolution can be achieved if each 16-day composite products 

from Terra and Aqua satellites are combined because the two satellite are identical and 

orbit eight days apart.  

The reflected energy in the visible spectral region is quite low due to high 

absorption by photosynthetically active pigments, with maximum absorption values in 

the blue (470 nm) and red (670 nm) wavelengths. Nearly all of the near-infrared 

radiation (NIR) is scattered (reflected and transmitted) with very little absorption back, 

in a manner dependent upon the structural properties of a canopy (LAI, leaf angle 

distribution, leaf morphology). As a result, the contrast between red and near-infrared 

responses (called the red shift) is a sensitive measure of vegetation amount, with 

maximum red−NIR differences occurring over a full canopy and minimal contrast over 

targets with little or no vegetation. For low and medium amounts of vegetation, the 

contrast is a result of both red and NIR changes, while at higher amounts of vegetation, 

only the NIR contributes to increasing contrasts as the red band becomes saturated due 
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to chlorophyll absorption. Vegetation indexes are measures of the red-NIR contrast and 

thus are integrative functions of canopy structural (%cover, LAI, LAD) and 

physiological (pigments, photosynthesis) parameters (Huete et al. 1999;Friedl et al. 

2002)  

 

4.1.5 ISMN  

In-situ measurements of soil moisture are typically used for validating the land 

surface models and satellite-based soil moisture retrievals. Therefore before using 

remote sensing soil moisture SMAP data, in-situ soil moisture measurements will be 

used in the analysis. 

The international Soil Moisture Network (ISMN) collects and unifies soil 

moisture datasets from an assortment of individually operating in-situ networks and 

validation campaigns, and makes the data available through a centralized data portal 

(Dorigo et al. 2011). Appropriate and standardized quality control and assessment 

procedures are employed to resolve the inconsistency between sensor types, 

measurement quality and setup of different networks. ISMN has become recognized by 

many scientific communities as a dedicated platform for in-situ soil moisture 

measurements (Liu et al. 2011; Albergel et al. 2012; Gruber et al. 2013; de Jeu et al. 

2015). Presently, approximately 50 networks including more than 2100 stations 

contribute to the ISMN dataset.  

In this research, we need the simultaneous precipitation and soil temperature 

measurements along with soil moisture. Two networks named as Soil Climate Analysis 
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Network (SCAN) and United States Climate Reference Network (USCRN)(Bell et al 

2013) satisfy such requirement. Both networks convey soil moisture data from different 

depths in the common volumetric soil moisture unit. Simultaneous measurement of 

precipitation and soil temperature are taken at the same depths as the soil moisture. 

In SCAN, precipitation, snow water equivalent, air temperature, soil moisture, 

snow depth, and soil temperature at depths ranging from 2-cm to 2-meter are measured. 

The dielectric-constant-based soil moisture sensors such as Hydraprobe Analog, 

Hydraprobe Digital Sdi-12, and Hydraprobe Digital Sdi-12 Thermistor are used. 

Besides, 115 commissioned stations in USCRN measure the air temperature, 

precipitation, wind speed, global solar radiation, ground surface temperature, relative 

humidity, soil moisture and soil temperature at depths of 5-cm, 10-cm, 20-cm, 50-cm 

and 1-meter. The soil moisture sensor used is Stevens Hydraprobe II Sdi-12.  

The location and landcover classification for the stations used in this study can 

be found in Figure 4.2. 

 

Figure 4.1.2 Land cover classification for the SCAN/USCRN stations  
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4.2 Methodology 

Two dataset are constructed. The first data combines in-situ measurements and 

remotely sensed data. Specifically, emissivity data directly calculated from the GMI 

level-1 brightness temperatures and vegetation index from MODIS are remapped to 

match ground-based station measurements: hourly 5-cm soil moisture, air temperature 

and 5-cm soil temperature. The second dataset consists of purely remotely sensed data, 

with the emissivity data and MODIS vegetation index data matched with coincident and 

co-located SMAP overpasses. Differing from the first dataset, soil moisture/surface 

temperature data are obtained from SMAP.  

Two surface classifications are applied to split the two datasets above. The first 

one is using a surface type index from the GMI level-2 product. It focuses on the 

maximum vegetated, high vegetated, moderate vegetated, low vegetated and minimal 

vegetated regions respectively. The other classification is based on the landcover 

classification from the International Geosphere-Biosphere Programme (IGBP) 

classification. Grassland, mixed forest and barren region are categories discussed 

herein.  

The statistical modeling will be applied to these subsets individually. The 

analysis will be performed with the GAMLSS package in the R language. Generalized 

Additive Models for Location, Scale and Shape (GAMLSS) are (semi) parametric 

regression models, where all the variables of the assumed distribution for the response 

variable can be modeled with additive functions of the explanatory variables. The 

additive functions can be P-splines, Cubic splines, loess smoothing, ridge regression, 

lasso regression, simple random effects, varying coefficient models and so on. The 
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variables can be the mean, or other parameters of the distribution as linear parametric or 

additive non-parametric functions of the explanatory variables. The distribution for the 

response variable in GAMLSS can be chosen from a large number of distributions 

including highly skew or kurtotic continuous and discrete distribution. GAMLSS has 

been used in a variety of fields including actuarial science, biology, biosciences, energy 

economic, genomics, finance, fisheries, food consumption, marine research, medicine, 

meteorology and so on. 
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5. In-situ Measurement Perspectives 

To analyze the effect of surface properties such as soil moisture, surface 

temperature (surface skin temperature or near-surface air temperature), vegetation 

structure, and vegetation phenology on the variability of the overland passive 

microwave (PMW) emissivity, a database of coincident and collocated in-situ-

measurements of surface properties and satellite-derived emissivity is established 

following the methods discussed in section 4. The surface properties involved in this 

section include Soil Moisture (SM), Soil Temperature (ST), Air Temperature (AT), 

Normalized Differential Vegetation Index (NDVI), and Enhanced Vegetation Index 

(EVI).  

Grassland, shrubland, forest, cropland are common types of land cover over the 

Contiguous United States (CONUS). They are characterized by different spatial and 

temporal variability of soil moisture and temperature. Provided the theoretical basis of 

PMW emissivity, the relationship between PMW emissivity and surface properties is 

supposed to vary from one land cover to another. And the research has shown that 

emissivity is sensitive to the landcover conditions (Norouzi et al. 2015). Therefore, in 

order to develop an understanding of the similarities and differences of PMW emissivity 

over different types of land cover, the emissivity for each land cover should be studied 

individually first.  

Herein, in-suit measurements from a number of stations are used to analyze the 

behavior of emissivity over grassland, forest and barren regions. Grassland dominates 

central North America and thus is one of our primary research targets. It is recognized 

as prairies and grass is the main vegetation. Due to a relative lack of precipitation, trees 
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are scarce. Grassland embraces the apparent seasonal trends and the growing season 

ranges from spring to fall. 

In order to investigate the role of vegetation in the variability of PWM 

emissivity, the land cover of forest is also taken into consideration and serves as a 

reference. Contrasting forest and grassland will be used to illustrate the exclusive effect 

of vegetation on modulating the variability of overland PMW emissivity. Besides, 

different types of trees coexist in the forests, which can help us study the influence of 

vegetation height and structure.  

Another kind of surface, the barren region with little vegetation, will also be 

considered to study the scenario that is characterized by the strong microwave signals 

resulting from soil moisture and surface temperature and by the negligible signals from 

the vegetation.  

Among the hundreds of stations in ISMN (as shown in Figure. 4.3), three 

stations (Abrams, MammothCave and Stovepipe-Wells-1-SW) are selected in our study 

(see Figure 5.1.1). Abrams is located in the North of Oklahoma and is a typical station 

over the grassland of the U.S. Great Plain. MammothCave station is located in the 

MammothCave National Park and represents the forest land cover. And Stovepipe-

Wells-1-SW station is near Death Valley National park and represents the barren area 

land cover short of vegetation. All the data is from March 4, 2014 to May 20, 2016. The 

sample size that is equivalent to the number of the in-situ measurement matched up with 

GMI overpasses for these three stations is shown in the Table 5.1. The temporal 

variation of soil moisture, diurnal variation of soil temperature and air temperature 

together with the seasonal variation of NDVI/EVI are shown in the Figure 5.1.2. For 
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soil moisture, data of the time period from April 1, 2014 to March 30, 2015 is shown 

and the variation is random and mostly subjective to precipitation events. For soil 

temperature and air temperature, data of the time period from September 1, 2014 to 

September 30, 2014 is plotted and the figures for the temperatures reveal the apparent 

diurnal variation. At 00:00 UTC, the soil temperatures always reach the peaks, then 

decrease until around 15:00UTC and then recover. For the NDVI/EVI, data of the time 

period from February 2014 to May 2016 is plotted, demonstrating the clear seasonal 

variation according to the phenomena that the higher vegetation indices tend to occur 

during the summers and the early autumns. 

Table 5.1 Station information 

Station  Landcover type Sample Size 

Abrams Grassland 383 

MammothCave Forest 364 

Stovepipe-Wells-1-SW Barren region 432 
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Figure 5.1.1 Locations of Grassland station-Abrams, Barren region station-

Stovepipewell and Forest station-Mammothcave 
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Figure 5.1.2 Temporal variation of soil moisture (upper), diurnal variation of soil 

temperature (Second) and air temperature (third) and seasonal variation of NDVI 

(fourth) /EVI (bottom) 

 

The study on the PMW emissivity for the grassland, forest and barren region 

will be discussed as follows in section 5.1.1, 5.1.2 and 5.1.3, respectively.  

 

5.1 Grassland 

Unconditional distributions of soil moisture (SM), soil temperature (ST) at 5-cm 

depth, 2-meter height air temperature (AT), vegetation indices (VIs) including 
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Normalized Differential Vegetation Index (NDVI), and Enhanced Vegetation Index 

(EVI) are shown in Figure 5.1.2. The soil moisture ranges from 0.1 to 0.25. Frozen soil 

layer conditions are kept out of the scope of our study. Therefore, soil temperature and 

air temperature discussed herein are above zero Celsius degree. Most of soil 

temperatures are less than 30°C while most of air temperatures are within the range 

from 0°C-35°C, indicating a larger variability of near surface air temperature and that 

soil has a larger heat capacity. The air temperature is highly correlated with the soil 

temperature because the near surface soil layer is strongly affected by the atmosphere. 

The detection depth of the PMW high-frequency channels is less than 5-cm and soil 

temperatures at depth less than 5-cm are most likely to have temperatures bounded by 

that of the 5-cm soil temperature and the near-surface air temperature. Therefore both 

soil temperature and air temperature are involved in our research.  Emissivity might 

require both information from soil temperature and air temperature to some extend. 

NDVI ranges from 0.3 to 0.8 while EVI ranges from 0.2 to 0.6. Typically the 

value of EVI is smaller than NDVI. Both vegetation indices are kept in our research 

because NDVI and EVI are believed to represent the vegetation activity from different 

perspectives, as we discussed the difference between NDVI and EVI in the section 

4.1.4.  
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Figure 5.1.3 Distribution of Soil Moisture (SM), Soil Temperature (ST), Air 

Temperature (AT), Normalized Differential Vegetation Index (NDVI), and Enhanced 

Vegetation Index (EVI) at the Abrams grassland station 

 

We propose here a novel approach to estimate emissivity. The dependency of 

emissivity with soil properties is analyzed to identify factors directly impacting the 

distribution of probable emissivity values. The purpose is to generate probabilistic 

emissivity in acknowledgement of the possible range of values that might exist. A novel 

aspects is that it helps identify general levels of uncertainty associated with emissivity 

estimates. 

The relationship between the surface properties and “true” emissivity is 

acknowledged to contain many factors that arise from environmental, observational and 

algorithmic influences. This is conceptually described by relating the surface properties 

to a distribution of possible precipitation emissivity (Figure 5.1.4). The distribution 

depends on the conditioning by the aforementioned factors. The spread of the 

distribution - and associated uncertainty - can be attributed to factors not explicitly 

considered in the conditioning. Note that there is theoretically no “wrong” or “biased” 

estimate whatever the conditioning is, since it still reflects the actual distribution of 
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possible emissivity values under these conditions. The output distribution of emissivity 

is broader when considering fewer factors. It is better defined with less uncertainty 

(along with the expected precipitation rates) with including additional conditioning 

factors. This approach assumes that the relationship between surface properties and 

distribution of emissivity is representative and stationary, and that the emissivity can be 

evaluated with reasonable accuracy. 

The soil properties-to-emissivity uncertainty approach overcomes challenges 

encountered in previous works. It allows a more complete description of the emissivity 

error estimation because error information is included into the distribution moments. By 

design, this formulation yields unbiased estimates with respect to the emissivity used to 

build the distribution. The diagnostic power and prognostic capabilities of factors are 

preserved. This enables deriving stationary characterization to be potentially 

generalized over large areas or periods of time for emissivity modeling. Other factors 

rather than the surface properties considered here have a potential influence on the 

distributions and will be considered in the conditioning in future studies. 

 

5.1.1 Single-parameter modeling 

Emissivity is assumed a function of surface properties (soil moisture, soil 

temperature, air temperature, vegetation etc.).  

𝐸 = 𝐸(𝑆𝑀, 𝑆𝑇,𝐴𝑇,𝑉𝐼, 𝑒𝑡𝑐. )⋯⋯⋯⋯⋯ (5.1) 

Due to the complex nature of emissivity, a robust and accurate emissivity model 

is much likely to be multi-parametric on the basis of these surface variables. However 

we start with a single-parameter modeling approach in an attempt to investigate the 
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individual effect of each surface property on the emissivity. Taking soil moisture for 

example, it is assumed that emissivity can be a function of soil moisture solely.  

𝐸 = 𝐸 𝑆𝑀   (5.2) 

The empirical model is established on the concept of conditional probability 

distribution function. The empirical model of emissivity as a function of soil moisture is 

shown in the first line on the left column in Figure 5.1.3. The 50%, 25-75%, and 10-

90% quantiles have been computed for the emissivity distributions at 10V-GHz and are 

plotted in the figure. Empirical models of the emissivity conditioned by other surface 

properties are shown in other plots on the left column of Figure 5.1.3.  

Panel (a) in Figure 5.1.4 shows a shift toward lower emissivity as the soil 

moisture increases in line with expectations. The spread of each distribution remains 

quite constant across the range of soil moisture values. This feature indicates constant 

uncertainties in quantifying the emissivity with increasing soil moisture. The 10V-GHz 

emissivity also decreases slightly with the increasing soil temperature, air temperature 

or vegetation indices. However, the decreasing trend from SM-SPM holds the sharpest 

slope, thus it is inferred that the soil moisture is a primary factor accountable for the 

variation of 10V-GHz emissivity.  

 
(a) (b) 
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(c) (d) 

(e) (f) 

(g) (h) 
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Figure 5.1.4 Empirical (left) and statistical (right) single parameter models of 10V-

emissivity as a function of soil moisture in a) and b), soil temperature in c) and d), air 

temperature in e) and f), NDVI in g) and h) and EVI in i) and j) over Abrams grassland 

station. The thick white line represents the median (50% quantile), the dark gray-shaded 

region represents the area between the 25% and 75% quantiles, the light gray-shaded 

region represents the area between the 10% and 90% quantiles. The dotted blue line 

represents the range of surface property values  

 

Probabilistic emissivities computed in this study are modeled from the 

conditional distribution of emissivity for a given set of surface conditions. For example, 

the statistical model as a function of soil moisture can be expressed as follows, 

𝑃𝐷𝐹 𝐸𝑚𝑖𝑠𝑠𝑖𝑣𝑖𝑡𝑦 = 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑆𝑀     (5.3) 

Probabilistic emissivities computed in this study are modeled from the 

conditional distribution of emissivity for a given set of surface conditions. The 

conditional distribution parameterized to a simple theoretical model. For the sake of 

formulation efficiency, a number of conditional densities with the first two moments as 

parameters are considered here: the mean describing the average surface property - 

(i) (j) 



 77 

emissivity relationship and the standard deviation. This eases analyzing the dependence 

with each factor and generating ensembles of emissivities. We assume the distribution 

has the same parametric form for all surface conditions by using the generalized 

additive models for location, scale, and shape approach (GAMLSS; Rigby et al. 2005). 

To evaluate the most appropriate model, the goodness-of-fit has been checked by 

investigating different parametric density fits (e.g., normal, lognormal, gamma, 

Weibull, logistic, etc.) for emissivity subsamples corresponding to the neighborhood of 

a selected surface property bin. Such checks have been performed for different surface 

property values. The distributions of emissivity were generally found to be uni-modal 

and symmetric, making the Gaussian model appropriate. More complex models could 

be evaluated, such as mixtures of distributions to improve the flexibility of the 

distribution model. These would be justified if additional factors driving the distribution 

features were considered. These aspects will be analyzed in future studies. In this 

prototype study, we strike a balance between model complexity, accuracy, and 

efficiency.  

Additional tests on the emissivity distributions were performed on the whole 

dataset for each precipitation type by using the GAMLSS technique. Generalized linear 

models for location, scale, and shape aim at modeling the parameters of a response 

variable’s distribution (emissivity) with the following assumptions: 1) emissivity is a 

random variable following a known distribution with density 

𝑓 𝑒𝑚𝑖𝑠𝑠𝑖𝑣𝑖𝑡𝑦|𝜇,𝜎 conditional on the parameters (𝜇,𝜎)  and 2) the emissivity 

observations are mutually independent given the parameter vectors (𝜇,𝜎) . Each 

parameter is a function of surface properties using monotonic (linear/nonlinear or 
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smooth) link functions. The emissivity trends for each parameter are fitted using cubic 

splines with three degrees of freedom. A variety of two-parameter distributional forms 

(not shown) were also tested. The goodness-of-fit on the whole dataset has been 

checked for each of the density fits by investigating the Akaike information criteria 

(AIC), computing the residuals, first four moments, their Filliben correlation 

coefficient, and quantile-quantile plots (Stasinopoulos et al. 2007). The results 

confirmed the findings above that the normal model is most appropriate for describing 

the variability exhibited by the data. Using the distributions, the location parameter 𝜇 is 

related to the deterministic component of the surface properties - emissivity relationship 

and the scale 𝜎 is related to the variability of this relationship. Both depend on the 

magnitude of the surface variables, e.g. in order to account for the shift toward lower 

emissivity with soil moisture (Figure 5.1.4a). These models are compact and simple as 

described with rather simple mathematical expressions, which minimizes computational 

costs. 

The modeled conditional distributions of emissivities are plotted for each 

surface variable in Figure 5.1.4 left. Note that the models enable (supervised) 

extrapolation outside the range of the predictors in the training datasets Five different 

single-parameter models were obtained, and refereed as soil moisture single-parameter 

model (SM-SPM), soil temperature single parameter model (ST-SPM), air temperature 

single-parameter model (AT-SPM), NDVI single parameter model (NDVI-SPM) and 

EVI single-parameter model (EVI-SPM) 

𝑃𝐷𝐹 𝐸𝑚𝑖𝑠𝑠𝑖𝑣𝑖𝑡𝑦 = 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛(ST) 

PDF Emissivity = Function AT     (5.4) 
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PDF Emissivity = Function NDVI     (5.5) 

PDF Emissivity = Function EVI     (5.6) 

These models present visual consistency with empirical conditional 

distributions, and particularly account for the proportionality of emissivity uncertainty. 

They can be used to analyze the distribution of emissivity. For example for a given 

value of soil moisture, the corresponding probability distribution function (Figure 5.1.5) 

yields the mean, median, standard deviation, or other quantiles and statistical 

parameters providing qualitative and quantitative information on the emissivity.  

 

Figure 5.1.5 Probability distribution function derived from statistical models 

 

A representative surface property - emissivity relationship can be extracted from 

the conditional distributions. In case of a normal distribution the mean can be 

considered for deterministic estimates. As shown in the Figure 5.1.6, the correlation 

coefficient between the emissivity derived from the observed data and the expected 

emissivity using the soil moisture single-parameter statistical model is above 0.6.  

However, the correlation coefficients derived with using other single parameter models 
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are significantly lower. In these cases, the predicted emissivity has a smaller range of 

variation compared to the observed emissivity.  

 

 

Figure 5.1.6 Scatter plot of emissivity derived from observed data and emissivity 

predicted using single-parameter statistical model over Abrams grassland station 

 

The statistical models of the emissivity for other channels than 10V-GHz as a 

function of soil moisture are shown in Figure 5.1.7. First, PMW emissivity behaves 

differently in the high-frequency channels than the low-frequency channels. Emissivity 

from channels at 10 GHz, 19 GHz, 23 GHz and 37 GHz exhibits a notable decreasing 

trend with the soil moisture. The lower the frequency, the more significant the variation 

of emissivity is found. However, the emissivity at the 89V-GHz channel shows a slight 

increasing trend and no significant trend at the 89H-GHz channel. It indicates that the 
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soil moisture conditions to a larger extend the variation of low-frequency channel 

emissivity but exerts little influence at the high-frequency channels. 

Secondly, the emissivity of the horizontally polarized channels demonstrates 

larger variations than at the vertically polarized channels.  Typically, the horizontally 

polarized channels have emissivity ranging from 0.85 to 0.96 while the vertically 

polarized channels have emissivity varying from 0.93 to 0.98.  

 

 

 



 82 

Figure 5.1.7 Statistical modeling of all channel emissivity as a function of soil moisture 

over Abrams grassland station 

 

 

Figure 5.1.8 Statistical model for single-parameter models over different channels 

 

These findings are summarized in Figure 5.1.8 showing the expected emissivity 

values from the SM-SPM over all the channels. It clearly illustrates that emissivity at 

both vertically and horizontally polarized channels at 10 GHz, 19 GHz and 37 GHz 

exhibit a decreasing trend with soil moisture. The decreasing trends of emissivity are 

more pronounced for the horizontally polarized channels. Emissivity at the 89H-GHz 

channel does not change obviously with soil moisture while emissivity at 89V-GHz 

shows a slight increasing trend with the soil moisture. 
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5.1.2 Multi-parameter modeling 

After investigating the individual contributions of each surface property to the 

PMW emissivity variability over grassland, multi-parameter models are established as 

shown in Figure 5.1.9. 

 

Figure 5.1.9 Framework of the transition from Single-Parameter Modeling to Multi-

Parameter Modeling 

 

Various combinations of surface properties that condition the emissivity are 

tested as shown in Table 5.2. Corresponding models are coded as following: number 1 

refers to soil moisture, with number 2 for soil temperature, number 3 for air 

temperature, number 4 for NDVI and number 5 for EVI. For instance, the SM-SPM is 

referred as Mod 00001, and the two-parameter model using SM and ST is referred as 

Mod 00012.  

Table 5.2 Different combinations of variables 

Single-

parameter 

model 

Two-parameter  

model 

Three-parameter 

model 

Five- 

parameter 

model 

SM—Mod SM+ST—Mod SM+ST+NDVI— SM+ST+AT+

𝑃𝐷𝐹 𝐸𝑚𝑖𝑠𝑠𝑖𝑣𝑖𝑡𝑦 = 

𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛(𝑆𝑀, 𝑆𝑇,𝐴𝑇,𝑁𝐷𝑉𝐼,𝐸𝑉𝐼… ) 

 

𝑃𝐷𝐹 𝐸𝑚𝑖𝑠𝑠𝑖𝑣𝑖𝑡𝑦 = 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛(𝑆𝑇) 

𝑃𝐷𝐹 𝐸𝑚𝑖𝑠𝑠𝑖𝑣𝑖𝑡𝑦 = 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛(𝐴𝑇) 

𝑃𝐷𝐹 𝐸𝑚𝑖𝑠𝑠𝑖𝑣𝑖𝑡𝑦 = 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛(𝑁𝐷𝑉𝐼) 

𝑃𝐷𝐹 𝐸𝑚𝑖𝑠𝑠𝑖𝑣𝑖𝑡𝑦 = 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛(𝐸𝑉𝐼) 

𝑃𝐷𝐹 𝐸𝑚𝑖𝑠𝑠𝑖𝑣𝑖𝑡𝑦 = 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛(𝑆𝑀) 
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00001 00012 Mod 00124 NDVI+EVI 

—Mod 00124 ST—Mod 

00002 

SM+AT—Mod 

00013 

SM+ST+EVI— 

Mod 00125 

AT—Mod 

00003 

SM+NDVI—Mod 

00014 

SM+AT+NDVI— 

Mod 00134 

NDVI—Mod 

00004 

SM+EVI—Mod 

00015 

SM+AT+EVI— 

Mod 00135 

EVI – Mod 

00005 

 

 

The 10V-GHz observed emissivity data are compared with the modeled 

emissivity from the tested multi-parameter models with correlation coefficients. From 

Figure 5.1.10, the correlation coefficients of multi-parameter models are higher than 

single parameter models. The model including all surface properties presents the highest 

correlation coefficient. Soil moisture contributes significantly to the PMW 10V-GHz 

emissivity variability for the grassland station and the impact of other surface properties 

is limited.  
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Figure 5.1.10 Correlation coefficients between the 10V-GHz emissivity derived from 

observed data and 10V-GHz emissivity predicted using single-parameter statistical 

model over Abrams grassland station 

 

Figure 5.1.11 presents the correlation coefficients for all channels. It reveals that 

the higher the frequency, the lower the correlation coefficient. It indicates that as 

expected, the modeling for the Abram grassland station consistently performs better at 

the low-frequency channels. For example, while correlation coefficients up to 0.8 are 

found in the lower frequency channels correlation is lower than 0.5 for the high-

frequency channel emissivities. Besides, except at 89 GHz, the correlation coefficients 

from the horizontally polarized channels are higher than those of the vertically polarized 

channels.  

For the single-parameter models and the 10-GHz and 19-GHz channels, the 

model using soil moisture exhibits a significantly higher correlation coefficient than the 

models using other parameters. However, for the 37V-GHz channel and 89V-GHz 

channel the highest correlations are found with using the soil temperature as predictor 

instead of soil moisture. More analysis is needed to elucidate this behavior.  
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For the two-parameter models and specifically the 10H-GHz channel, the 

correlation from models using the combination of soil moisture and soil temperature or 

the combination of soil moisture and air temperature is higher than that of the models 

using the combination of soil moisture and vegetation indices. However, for the 37-GHz 

channels, the combination of soil moisture and soil temperature leads to higher 

correlation. It indicates that the role of air temperature becomes weaker at high-

frequency channel. On the other hand, the model using the combination of NDVI and 

soil moisture has close correlation coefficient as the model using the combination of 

EVI and soil moisture. So for the grassland, there is no significant difference between 

the role of NDVI and EVI in the variation of PMW emissivity.  

The correlation is very similar across the three-parameter models at 10-GHz and 

19-GHz channels. Regarding the 37-GHz emissivity, the models including only air 

temperature have lower correlation coefficients than models including only soil 

temperature. It indicates that two-parameter models that include the soil temperature 

instead of air temperature achieve a better performance for 37-GHz channel emissivity.  

At all channels emissivity models achieve highest correlation with all five-

parameters.  We might conclude that the more information regarding surface properties, 

the more accurate the emissivity model can be.  

 



 87 

 

Figure 5.1.11 Correlation coefficients between the all-channel emissivity derived from 

observed data and all-channel emissivity predicted using single-parameter statistical 

model over Abrams grassland station 

 

In addition to deterministic predictions, the associated uncertainty can be 

extracted from the models. Uncertainty can be defined on a basis of the conditional 

quantiles.  

ε = 100%×
q90− q10

q50       (5.7) 

where, q10, q50 and q90 represent the 10%, 50% and 90% quantiles derived from 

PDFs. Cumulative distribution function (CDF) of uncertainty are plotted in the Figure 

5.1.12.  As expected single-parameter models have larger uncertainty except the model 

using soil moisture. ST-SPM or AT-SPM exhibits smaller uncertainty than NDVI-SPM 

or EVI-SPM, confirming the findings using the correlation. For the two-parameter 

models, the model using the combination of soil moisture and vegetation indices has 

larger uncertainty than that using soil moisture and soil/air temperature, indicating again 
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that vegetation is less important than temperature. As expected, the model using all five 

parameters (SM/ST/AT/NDVI/EVI) has the smallest uncertainty.  

 

Fig 5.1.12 Cumulative distribution function of uncertainty for 10V GHz emissivity over 

Abrams grassland station 

 

The CDFs of uncertainty for other channels are calculated as well. The best 

models for each channel are indicated in Table 5.3.  

 

Table 5.3. Best model and their correlation coefficient for all the channels for Abrams 

grassland station 

Channel Best model Correlation coefficient 

10GHz V Mod 12345 0.7056 

10GHz H Mod 12345 0.7839 

19GHz V Mod 00012 0.5685 

19GHz H Mod 12345 0.7635 
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23GHz V Mod 12345 0.6232 

37GHz V Mod 12345 0.6672 

37GHz H Mod 12345 0.7251 

89GHz V Mod 12345 0.5377 

89GHz H Mod 12345 0.3621 

 

 

5.1.3 Prediction  

Here after we consider the model including all surface variables. Since 

observations are taken continuously at hourly intervals, time series of emissivity 

distribution can be generated at the Abrams station. It represents highly complementary 

information since satellite observations are available only during overpasses separated 

by lengthy revisit times. Figure 5.1.13 shows the time series of predicted emissivity at 

the yearly, monthly and daily time scales.  

As mentioned in section 5.1.1, supervised extrapolations can be performed 

outside the range of the predictors in the training dataset. In particular the training is 

performed under clear air conditions because emissivity is not available when it rains 

from satellite. The distribution of emissivity is predicted under rainy conditions using 

the surface conditions sampled by the station sensors.  
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Figure 5.1.3 Prediction of 10V GHz hourly emissivity over Abrams grassland station 

from 2014, March to Feb 2016 (upper plot), and from May 20, 2014 to June 30, 2014 

(middle plot), May 30 00:00 to June 1 00:00 (local time) (bottom plot) 
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The yearly scale highlights the impact of precipitation on the emissivity. 

Emissivity decreases rapidly and by a large magnitude during rain events regardless of 

seasonality. The emissivity gradually returns back to its previous level during the 

subsequent dry period. The recovery typically takes several days during which it does 

not rain. Sometimes, before reaching the antecedent level, the emissivity would 

experience a more rapid decline in case of occurrence of a rain event. At the monthly 

scale it is apparent that more significant drops are associated to higher rainfall rates. It is 

expected that the near surface layer becomes more saturated and that the soil moisture 

increases with higher rainfall rates. As an example rainfall rate on May 26th is higher 

than on May 24th. Correspondingly, the drop of emissivity on May 26th is larger than 

on May 24th. The decrease of emissivity also depends on the time interval of two 

precipitation events.  

In addition to precipitation, the diurnal variation of emissivity is illustrated on 

the middle and bottom plots. In general emissivity increases during daytime then 

decreases during nighttime, probably with the soil and air temperatures. A combination 

of physical surface properties, mainly soil moisture and temperature, drives the 

fluctuations of emissivity at various scales over grassland.   

 

5.1.2 Forest 

The distributions of the five surface parameters are shown in Figure 5.2.1. 

Differing from the Abrams grassland station, the soil moisture has a larger variation 

ranging from 0.05 to 0.3. As expected the forest station is characterized by higher 

vegetation indices with NDVI from 0.4 to 0.95 and EVI from 0.15 to 0.75.  
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Figure 5.2.1 Distribution of Soil Moisture (SM), Soil Temperature (ST), Air 

Temperature (AT), Normalized Differential Vegetation Index (NDVI), and Enhanced 

Vegetation Index (EVI) over Mammoth cave forest station 

 

5.2.1 Single parameter modeling 

Following a similar analysis to section 5.1 the SM-SPM, ST-SPM, AT-SPM, 

NDVI-SPM and EVI-SPM models are established for the forest station and presented in 

the Figure 5.2.2. 

For SM-SPM, emissivities of 37 GHz H/V and 89 GHz H/V increase with soil 

moisture up to 0.3, reaching a peak around 0.325, followed by a rapid decrease. It 

indicates that a wetter soil tends to be associated with a higher emissivity at high-

frequency channels, but a combination of influences not explicitly indicated by the 1D 
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conditioning may explain this behavior. For the low-frequency horizontally polarized 

channels such as 10 GHz H and 19 GHz H, the emissivities decreases with soil moisture 

similar to the Abrams grassland station. However, for the low-frequency vertically 

polarized channel such as 10 GHz V and 19 GHz V, the emissivities do not change 

significantly with soil moisture. Emissivities at the high-frequency channels decrease 

with frequency while the emissivities of the low-frequency channels increase with 

frequency.  
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Figure 5.2.2 Statistical model for single-parameter models over different channels for 

Stovepipewell barren region station; soil moisture single parameter model (upper plot), 

soil temperature single parameter model (middle plot) and NDVI single parameter 

model (bottom plot) 

 

Regarding the ST-SPM model, emissivities at high-frequency channels (37 GHz 

and 89 GHz) increase with the soil temperature up to approximately 8°C, then decrease 

with soil temperature until 25°C. In contrast, emissivities at 10-GHz channel increase 

with soil temperature when soil temperature over the range 0°C to 25°C. The 10H-GHz 

emissivity experiences a sharper increase than that of 10V-GHz emissivity.  

When soil temperature falls to the range 15°C-30°C, the emissivities from both 

horizontally and vertically polarized channels except 10 GHz decrease with higher 

frequency while the emissivities at 10-GHz channel are lower than those of 19-GHz 

channel. When the soil temperature is lower than 15°C, emissivities at 10-GHz channel 

are lower than those at 19-GHz while emissivity at 89-GHz channel is lower than that 

of 37-GHz channel. 
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For the NDVI-SPM model, the emissivities from the 37-GHz and 89-GHz 

channels decrease with the increasing NDVI, which means that the vegetation effect 

contributes to the variation of emissivities at the high-frequency channels. Oppositely, 

10H-GHz emissivity increases with NDVI, and the 10V-GHz emissivity slightly 

increases with the NDVI and then slightly decreases. By comparison, we infer that the 

vegetation indices contribute substantially to the variation of emissivity at the higher 

frequency channels. Like the SM-SPM model, lower emissivity is found in the 89-GHz 

channels and 10-GHz channels. 

Trends shown by channel-emissivity derived from AT-SPM are similar to ST-

SPM and the trends from NDVI-SPM are similar to EVI-SPM.  

 

5.2.2 Multi-parameter modeling 

Like for the Abrams station, multi-parameter models are established for 

Mammoth Cave Forest station as well. They are evaluated through correlation 

coefficients computed between the observed emissivities and the predictions in Figure 

5.2.3. For the single-parameter models and low-frequency channels, NDVI-SPM and 

EVI-SPM have higher correlation coefficients than the other three SPMs. It confirms 

the impact of vegetation on the emissivity. Moreover, the correlation coefficient of 

NDVI-SPM is higher than that of EVI-SPM. However, for the single-parameter models 

and high-frequency channels, the NDVI-SPM, EVI-SPM and ST-SPM have the higher 

correlation coefficients. It is noted that AT-SPM does not have correlation coefficient as 

high as the ST-SPMs. NDVI is a primary factor explaining the variation of emissivities 
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from high frequency to low frequency channels, while soil temperature contributes to 

the emissivity of high-frequency channels.  

 

Figure 5.2.3 Correlation coefficients between predicted emissivity using statistical 

models and the emissivity derived from observation data for all models over all the 

channels in the Mammoth Cave forest station 

 

For the two-parameter models, the correlation coefficients of the model based on 

the combination of SM and ST, SM and NDVI, SM and EVI are higher than the model 

using the combination of SM and AT. It likely indicates that air temperature is not 

important in the emissivity model over the forest surface. The near surface air 

temperature is probably more modulated by the vegetation than over grassland.  

For the three-parameter models, the models including EVI such as Mod 125 and 

Mod135 have higher correlation coefficients than models involving NDVI such as Mod 

124 and Mod 134. Hence EVI plays a more important role than NDVI. Such conclusion 
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contradicts the conclusion from the single-parameter model, again because a 

combination of influences is not explicitly shown by the 1D conditioning.  

As expected, the model making use of all the surface properties exhibits the 

highest correlation coefficient for all the channel-emissivity. It can be noted that Mod2 

has as high correlation coefficient as MOD12345 for the 89-GHz channel, meaning that 

the surface temperature is accountable for the most variation of emissivity at 89GHz 

channel. In contrast, Mod 4 has as high correlation coefficient as Mod 12345 for the 37-

GHz channels, which suggests the primary role of NDVI in the variation of emissivity 

at 37-GHz channel.  

Table 5.4 Best models and their correlation coefficient for all the channels over 

Mammothcave forest station 

Channel Best model Correlation 

coefficient 

10GHz V Mod 12345 0.4927 

10GHz H Mod 12345 0.6340 

19GHz V Mod 00134 0.3237 

19GHz H Mod 00134 0.3533 

23GHz V Mod 12345 0.3798 

37GHz V Mod 00014 0.6353 

37GHz H Mod 00134 0.5450 

89GHz V Mod 12345 0.7740 

89GHz H Mod 00124 0.7120 
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5.2.3 Prediction 
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Figure 5.2.4 Prediction of 10GHz V hourly emissivity over MammonthCave forest 

station from 2014, March to Feb 2016(upper plot), and from Sept 5, 2015 to Oct 16, 

2015(middle second plot), Sept 7th 00:00 to Sept 9th 00:00 (local time)(middle third 

plot), Sept 9th 00:00 to Sept 11th 00:00 (local time)(bottom plot) 

 

As expected, precipitation occurs over the forest regions. From the long-term 

perspective (the upper plot in Figure 5.2.4), the emissivity declines every time it rains 

and a remarkable decline occurs under the condition of heavy precipitation. Emissivity 

likely decreases when precipitation events are more frequent. The second plot clearly 

exhibits the diurnal variation of emissivities. When it rains, the soil moisture increases 

rapidly and then gradually decreases, while the emissivity decreases rapidly and then 

gradually increases.  

The bottom two plots show a non-rainy cases and rainy case, respectively. For 

the non-rainy case, emissivity increases after the sunrise and decreases after the sunset, 

which corresponds to the diurnal variation associated to surface soil temperature. For 

the forest, the soil moisture remains quite stable during the dry period and its effect on 

emissivity is not significant. In contrast, the diurnal variation of PMW emissivity during 
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the period undergoing continued precipitation is strongly affected by both soil moisture 

and soil temperature.  For instance, it rained at 2pm on September 9, 2015 on the 

MammothCave station and the emissivity decreased slightly. It rained again on 9pm and 

the emissivity decreased again and remained in the lower level compared to the non-

rainy value. The diurnal variation of emissivity is controlled by the surface temperature 

and these rapid changes of emissivity correspond to the rapid changes of soil moisture, 

which in most cases are caused by the precipitation.  

 

5.3 Barren Region 

Discussion on barren region station is presented as follows. From Figure 5.3.1, 

the soil moisture in Stovepipewell station ranges from 0.01 to 0.04, NDVI narrows 

around 0.05 and EVI around 0.03. The soil moisture, NDVI and EVI in barren region is 

nearly one order of magnitude smaller than the forest station.  
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Figure 5.3.1Distribution of Soil Moisture (SM), Soil Temperature (ST), Air 

Temperature (AT), Normalized Differential Vegetation Index (NDVI), and Enhanced 

Vegetation Index (EVI) over Stovepipewell barren region station 

 

5.3.1 Single parameter modeling 

For the barren region, the difference of emissivity between the vertically 

polarized channels and the horizontally polarized channels is more evident. As opposed 

to the plots for grassland and forest, there is almost no overlap between the emissivity 

from the horizontally polarized channels and vertically polarized channels. Typically, 

emissivities from horizontally polarized channels are around 0.88 while emissivities 

from vertically polarized channels are around 0.94. 

For SM-SPM, the emissivity at 10H-GHz decreases with soil moisture. However 

given the low and narrow range of soil moisture values, the decreasing trend for 19H-

GHz and 37H-GHz is minimal. The emissivity at 89H-GHz channel increases with the 

soil moisture.  Moreover, the horizontally polarized emissivity increases with 

frequency, so the emissivity at the 89H-GHz channel is greater than at lower-frequency 

channels. On the other hand, the emissivity from 10V-GHz channel decreases with the 
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soil moisture, while emissivities from the other three vertically polarized channels are 

almost overlapped and shows a slight decreasing trend with soil moisture.  

For ST-SPM, as for SM-SPM the emissivities from horizontally polarized 

channels are separated from these of the vertically polarized channels. The high-

frequency emissivities derived from ST-SPM generally increase with soil temperature 

while the emissivities at 10-GHz channel slightly decrease with the soil temperature.  
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Figure 5.3.2 Statistical model for single-parameter models over different channels; soil 

moisture single parameter model (upper plot), soil temperature single parameter model 

(middle plot) and NDVI single parameter model (bottom plot) 

 

Regarding NDVI-SPM, because of the low and narrow range of NDVI values 

the emissivities from all the channels do not change significantly with NDVI. It is 

expected because of the low and narrow range of NDVI values for barren regions.  

5.3.2 Multi-parameter Modeling 

Evaluation of models with correlation coefficient is illustrated in Figure 5.3.3. 

For the single parameter models, the correlation coefficients of NDVI-SPM and EVI-

SPM are very low due to the lack of vegetation in the barren region. The correlation 

coefficients of the models including soil temperature are quite similar to those of model 

including the air temperature. It indicates that the role of soil temperature and air 

temperature makes little difference in this context. 

Similar to the previous discussion, for the low-frequency channels (10-GHz and 

19-GHz), the correlation coefficients decrease with higher frequencies, while for the 
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high-frequency channels (37 GHz and 89 GHz), the correlation coefficients increase 

with higher frequencies. Surprisingly, the correlation coefficient for 89V-GHz channel 

emissivity model is near 0.6. The correlation coefficients for the emissivity at the 

vertical polarized channels are greater than those for the horizontal polarized channels, 

except the 10-GHz channel.  

 

 

Figure 5.3.3 Correlation coefficient between predicted emissivity and the emissivity 

derived from observation data for all models over all the channels in the Stovepipewell 

barren region station 

 

Table 5.5 Best models for all the channels and their correlation coefficients  

Channel Best model Correlation 

coefficient 

10GHz V Mod 125 0.351 

10GHz H Mod 135 0.3905 
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19GHz V Mod 13 0.3790 

19GHz H Mod 13 0.3086 

23GHz V Mod 13 0.4791 

37GHz V Mod 13 0.4792 

37GHz H Mod 13 0.3295 

89GHz V Mod 13 0.6046 

89GHz H Mod 13 0.3749 

 

5.3.3 Prediction  

The prediction of 10V-GHz emissivity using our models is shown below. 

Precipitation events are rare in the barren region. However, very significant emissivity 

drops occurred each time when it rains (shown in the upper plot in Figure 5.3.4.). As 

revealed in the middle second plot, the precipitation event around Oct 5th 2015 

generated a drop in the emissivity from 0.9537 to 0.9389, followed by a recovery of 

emissivity that might last more than a few days.  

If we look at the non-rainy period before Oct 2rd, the emissivity along with soil 

moisture and soil temperature exhibits a diurnal variation. Soil moisture and soil 

temperature have coincident variations, so do the variations of emissivity. For instance, 

after sunrise (6am), the soil temperature and soil moisture increase, with emissivity 

slightly decreasing. It might be concluded that the emissivity is mainly governed by soil 

moisture and soil temperature for barren region, or vegetation for other kinds of the 

vegetated surfaces, during the dry period lacking precipitation. If we look at the rainy 

days from Oct 5th to Oct 7, the precipitation leads to the drastic change of soil moisture 
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and the diurnal cycle does not dominate any more. As a result, the emissivity exhibits a 

low value of 0.938 for a long period, compared to the non-rainy emissivity of 0.955. 

Therefore, it might conclude that, soil moisture, along with soil temperature and 

resultant emissivity are heavily affected by the precipitation events.  
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Figure 5.3.4 Prediction of 10V-GHz hourly emissivity over StovepipeWell barren 

region station from 2014, March to Feb 2016 (upper plot), and from Sept 5, 2015 to Oct 

16, 2015 (middle second plot), Oct 2rd 00:00 to Oct 4th 00:00 (local time) (middle third 

plot), Oct 5th 00:00 to Oct 7th 00:00 (local time) (bottom plot) 

 

5.4 Summary 

We established empirical and statistical models of the 9-channel overland 

passive microwave emissivity derived from GMI brightness temperatures, based on in-

situ measurement of surface characteristics over three station located in three different 

kinds of landcover. The surface parameters include soil moisture, soil temperature and 

vegetation indices.  

For the grassland station, emissivity at all the channels except the 89-GHz 

decreases with the soil moisture. The decreasing slope diminishes with the frequency. 

Emissivity at all channels decreases slightly with the soil temperature. Besides, all 

emissivity channels except 23V-GHz and 89H-GHz channels decrease with air 

temperature. When it comes to the vegetation, the emissivity also decreases with the 
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increasing NDVI or EVI, and the decreasing slope is intensified at higher frequencies 

for the vertically polarized channels. 

For the forest station, the emissivity decreases with soil moisture at 10-GHz 

channels while remains unchanged with soil moisture at 19V-GHz and 23V-GHz 

channels, and increases with soil moisture at the high-frequency channels. The 

increasing slope of emissivity is steeper for the 89-GHz channel. The emissivity 

increases with soil temperature at 10-GHz channel, is constant at 19-GHz and 23V-GHz 

channels, and decreases with soil temperature for the 37-GHz and 89-GHz channels. 

Similarly, the decreasing trend is the steepest for the 89-GHz channel. The variation of 

emissivity with air temperature is almost identical as that of the soil temperature. The 

emissivity increases with NDVI at the 10GHz channels and decreases at the high-

frequency channels. The variation of emissivity with the NDVI is nearly identical as 

with EVI. 

For the barren region station, the emissivity increases with the soil moisture for 

the 37-GHz channels and is kept unchanged for other channels. Additionally, the 

emissivity increases with the soil temperature except the low-frequency horizontally 

polarized channels. Variation of emissivity with air temperature is identical with soil 

temperature. Emissivity does not change with NDVI/EVI because the vegetation is 

negligible in the barren regions. 

Based on these results, the surface characteristics would play different roles in 

the variation of emissivity for different channels and types of landcover. Emissivity of 

horizontally or vertically polarized channels, and high frequency or low frequency 

channels exhibit different variations. Soil moisture might take the primary role for the 
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grassland station. The variation of emissivity over forest is more complex and results 

from a cumulative influence of all the surface parameters. The emissivity over barren 

regions excludes the influence of vegetation indices.  

In addition to the first order trends of variation of emissivity using the surface 

parameters, various combinations of parameters were tested and compared for different 

channels and types of landcover. For instance, models for grassland tend to behave best 

at the low-frequency channels if the model includes all the surface parameters, while the 

models for forest achieve the best performance at the high-frequency channels if the 

model includes both information from temperature, vegetation and soil moisture.  

 

The models of emissivity are well responsive to precipitation events especially 

at low frequency channels and fit quite well with the dynamics variation of surface 

properties, which can also substantiate our models dynamics to the change of surface 

properties.  
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6. A Remote Sensing Perspective 

In the previous section, we discussed the procedure of establishing the statistical 

models, evaluating and comparing the models, and predicting new emissivities datasets 

based on the surface parameters from in-situ measurement of soil moisture and 

temperature. This section makes use of the satellite remotely measured soil moisture 

and temperature to adopt a remote sensing perspective.  

The dataset of coincident satellite measurements of surface properties and 

satellite-derived emissivity are established following the methods discussed in section 

4. Note that the resolution of the variables is now at the SMAP footprint scale. The 

surface type classification in the GMI Level 2 product is used to split the dataset into 5 

different categories, which are the maximum vegetated regions, highly vegetated 

regions, moderate vegetated regions, low vegetated regions and minimal vegetated 

regions.  The sample sizes of these five surface types are shown in the Table 6.1 

Table 6.1 Sample sizes of different types of land surface in the remote sensing dataset 

Surface type Index value Sample Size 

Maximum vegetated 3 73681 

High vegetated 4 87517 

Moderate vegetated 5 34234 

Low vegetated  6 3274 

Minimal vegetated 7 710 
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The maximum vegetated regions, the moderate vegetated regions and the minimal 

vegetated regions are discussed in detail in section 6.1, 6.2 and 6.3, respectively. Other 

surface parameters from the satellite remote sensing are soil moisture from SMAP, 

surface temperature from SMAP ancillary dataset, two vegetation indices from MODIS. 

The distribution of soil moisture, surface temperature, NDVI and EVI over the three 

surface types are shown as follows.  
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Figure 6.1.1 Distribution of soil moisture, surface temperature, NDVI and EVI over 

maximum vegetated (maxvg) regions (left column), moderate vegetated (midvg) 

regions (middle column) and minimal vegetated (minvg) regions (right column) 

 

Table 6.2 Statistics of soil moisture, soil temperature, NDVI and EVI for maximum 

vegetated regions, moderate vegetated regions and minimal vegetated regions 

 Maximum vegetated Moderate vegetated Minimal vegetated  

10% 50% 90% 10% 50% 90% 10% 50% 90% 

SM 0.05 0.18 0.33 0.02 0.13 0.27 0.02 0.13 0.35 

ST 

(°C) 
3.1 12.6 21.1 2.9 12.8 24 4.9 15.3 25.1 

NDVI 0.33 0.61 0.85 0.14 0.36 0.68 0.06 0.14 0.31 

EVI 0.17 0.34 0.55 0.09 0.21 0.40 0.06 0.10 0.18 
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6.1 Minimal Vegetated Regions 

6.1.1 Single parameter modeling 

Soil moisture over minimal vegetation areas mostly varies from 0.02 to 0.35. 

From Figure 6.1.2, the modeled emissivity exhibits an apparent decreasing trend when 

soil moisture is over 0.17. As for the barren station the emissivities from the vertical 

polarized channels are higher than those from the horizontal polarized channels and the 

latter ones are characterized with a more substantial decreasing trend. As a result, the 

emissivity, for example, for the 10H-GHz channel, is as low as 0.75 if the soil moisture 

is larger than 0.3.  

In the minimal vegetated regions, surface temperature ranges from 5°C to 25°C. 

Emissivities over all the channels exhibit a general increasing trend with the surface 

temperature. In spite of the different frequencies, modeled vertical polarized channel 

emissivities report similar and almost identical profiles, while the emissivities of the 

horizontal polarized channels increase with frequency.  

NDVI ranges from 0.06 to 0.3 while most EVI varies from 0.06 to 0.18. If we 

recall the typical NDVI value ranges for different types of underlying surface, minimal 

vegetated regions are most likely to be barren soil, grassland or shrubland. The profiles 

of NDVI-SPM and EVI-SPM are quite similar and thus only discussion of the NDVI-

SPM model is covered here. For the range 0.0 to 0.25, emissivities from all the 

horizontal polarized channels increase with NDVI, while the emissivities from all the 

vertical polarized channels decrease with NDVI when larger than 0.15. Note that there 

is a lack of NDVI larger than 0.3 over the minimal vegetated regions. These fluctuating 

lines for NDVI over 0.3 might be ignored for the minimal vegetated regions.  
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Figure 6.1.2 Single-parameter models over different channels for minimal vegetated 

region; soil moisture single parameter model (upper plot), soil temperature single 

parameter model (middle plot), NDVI single parameter model (bottom plot) 

 

6.1.2 Multi-parameter modeling 

The correlation coefficients between the emissivities derived from satellite 

observation and the emissivities obtained from multi-surface parameter combinations 

are plotted in Figure 6.1.3.  

In general, the lower frequency is, the higher the correlation coefficients can be. 

For both horizontally and vertically polarized channels, SM-SPM has the highest 

correlation coefficient compared to other single parameter models. Undoubtedly, the 

model including all the surface parameters embraces the highest correlation coefficient. 

However, we find that the model including the soil moisture, surface temperature and 

NDVI and excluding EVI has as high correlation coefficient as the model that includes 

all the surface parameters.  Therefore we suppose that the effect of EVI overlaps with 

NDVI and one of the vegetation indices may be neglected in the multi-parameter 

models. 
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Figure 6.1.3. Correlation coefficients between the all-channel emissivity derived from 

observed data and all-channel emissivity predicted using single-parameter statistical 

model over minimal vegetated region 

 

We investigate the relative importance of these surface parameters in the multi-

parameter models for different channels.  Based on the value of AICs, soil moisture is 

most important parameter over the minimal vegetated regions and NDVI is more 

important than surface temperature for low-frequency horizontally polarized channel. 

 

Table 6.3 Rank of importance of different surface parameters in multi-parameter models 

for all the channels 

Channel 1st 2nd 3rd 4th AICs 

10GHz V SM ST (minimal)   -3550.6 

10GHz H SM NDVI ST EVI -2542.6 

19GHz V SM ST EVI (minimal)  -3532.1 
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19GHz H SM NDVI ST (minimal)  -2527.8 

23GHz V SM ST EVI  -3677.1 

37GHz V SM ST EVI (minimal)  -3713.9 

37GHz H SM NDVI ST  -2588.5 

89GHz V SM ST NDVI  -3622.9 

89GHz H SM ST NDVI EVI -2794.8 

 

6.1.3 Prediction 

The emissivity is predicted when the surface parameters are given. The 

prediction of emissivity using two parameter models is shown as follows.  

Considering the model using soil moisture and surface temperature (upper left 

plot), the emissivity at the 10V-GHz channel mainly changes with soil moisture. Lower 

soil moistures lead to higher emissivity at 10V-GHz channel.  

For the model using soil moisture and NDVI (upper middle plot), soil moisture 

is again responsible for the main variation of emissivities.  

For the model using soil moisture and EVI (upper right plot), larger emissivities 

comes along larger EVI and the lower soil moisture. Emissivity that is higher than 0.925 

occurs only when EVI is over 0.7. The variation of emissivity with EVI is nonlinear and 

a peak is found around EVI equal to 0.55. 

For the model using surface temperature and NDVI, emissivity varies mostly 

with NDVI and the role of surface temperature is minimal. For the model using surface 

temperature and EVI, lower emissivities occur when the EVI fall into the range 0.4 to 

0.7 and the surface temperature is lower than 15 °C. It means that EVI around 0.5 
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lowers the emissivity. For the model using NDVI and EVI, high emissivity occurs when 

the EVI varies from 0.2 to 0.4 and NDVI is around 0.2 or 0.8.  

 

 

Figure 6.1.4 Prediction of 10GHz V emissivity modeled using two-parameter models 

over minimal vegetated regions 
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6.2 Moderate Vegetated Region 

6.2.1 Single parameter modeling 

The soil moisture over the moderate vegetated region ranges from 0.02 to 0.27. 

At the vertically polarized channels, the emissivities decrease with soil moisture except 

the 89V-GHz channel, whose emissivity increases with soil moisture. For the horizontal 

polarized channels, the variation of emissivity is non-linear as a function of soil 

moisture. 

Surface temperature primarily ranges from 3°C to 24°C. The emissivity over all 

the channels decreases with temperature and this trend is more apparent for the higher 

frequency channels. A local minimum is noted around 22°C. 

The variation profiles are quite similar for both EVI-SPM and NDVI-SPM. So 

we only discuss the NDVI-SPM herein. Emissivities from the all horizontally polarized 

channels and 89V-GHz channels increase with NDVI when larger than 0.07, and 

remains relatively constant when the NDVI is larger than 0.4. Contrarily, the 

emissivities from other vertical polarized channels slightly decrease with NDVI when 

NDVI ranges from 0.2 to 0.5. The emissivity values at vertical polarized channels are 

quite similar when the NDVI is larger than 0.4. For the horizontal polarized channels, 

the higher the frequency is, the larger the emissivities are. Besides, the emissivity at 

10H-GHz channel is smaller than other horizontally polarized channels.  
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Figure 6.2.1 Statistical model for single-parameter models over different channels for 

moderate vegetated region; soil moisture single parameter model (upper plot), soil 

temperature single parameter model (middle plot), NDVI single parameter model 

(bottom plot) 

 

6.2.2 Multi-parameter modeling 

Similar to the section 6.1.2, the correlation coefficients between the emissivity 

derived from satellite observation and the emissivity calculated with models are 

presented in the figure below.  
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Figure 6.2.2 Correlation coefficients between the all-channel emissivity derived from 

observed data and all-channel emissivity predicted over moderate vegetated region 

(number one refers soil moisture, number two refers surface temperature, number 3 and 

4 refer vegetation indices) 

 

For the surface type of moderate vegetated regions, most of the multi-parameter 

models exhibit correlation coefficients around 0.45 except the 37V-GHz and 10V-GHz 

channels. For the vertically polarized channels other than the 37V-GHz channel, the 

SM-SPM has the highest correlation coefficient. For 37V-GHz V channel, EVI-SPM 

has the highest correlation coefficient. A correlation coefficient over 0.65 can be found 

with SM-SPM for the 10V-GHz channel, which indicates that the soil moisture is a 

major contributor to the 10V-GHz emissivity.  

Similarly, SM-SPM for vertically polarized channels at 19-GHz, 23-GHz and 

37GHz has higher correlation coefficients than other single parameter models, which 

can also substantiate the important role of soil moisture in the emissivities at these 

frequencies. In contrast, the NDVI-SPM has the highest correlation coefficient among 

the single parameter models for the horizontal polarized channels. The model including 

the information of soil moisture, soil temperature and NDVI has the highest correlation 

coefficient among the multi-parameter models.  

Relative importance of these surface parameters in the multi-parameter models 

for different channel is demonstrated in the Table 6.2. Soil moisture is the primary 

factor influencing the variation of emissivity except the 37H-GHz and 89H-GHz 

channels, whereby the NDVI is more important. 
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Table 6.4 Rank of importance of different surface parameters in multi-parameter models 

for all the channels over moderate vegetated regions 

Channel 1st 2nd 3rd 4th AICs 

10GHz V SM ST EVI NDVI -211976 

10GHz H SM NDVI ST EVI -160203 

19GHz V SM EVI NDVI ST -205970 

19GHz H SM NDVI EVI ST -161243 

23GHz V SM NDVI ST  -213356 

37GHz V SM EVI NDVI ST -210630 

37GHz H NDVI SM EVI  -169041 

89GHz V SM ST EVI NDVI -210761 

89GHz H NDVI ST SM EVI -179996 

 

6.2.3 Prediction 

Prediction of emissivity using our statistical models over the moderate vegetated 

regions is performed herein. Specifically, the predictions using two-parameter models 

are shown in Figure 6.2.3.  

 

For the model utilizing the soil moisture and surface temperature (upper left 

plot), the variation of soil moisture governs the variation of emissivity and lower 

emissivities are found with wetter soil. Soil moisture also plays a primary role in the 
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variation of emissivity if the emissivity is produced by the models that rely on the 

combination of soil moisture and NDVI or the combination of soil moisture and EVI.  

For the model using the surface temperature and NDVI, low emissivity is 

obtained when the NDVI is larger than 0.5 and simultaneously the surface temperature 

is lower than 15°C. Contrarily, high emissivity is produced when the NDVI is lower 

than 0.3 and the surface temperature is higher than 15°C. For the scenario of high 

surface temperature, high NDVI or low surface temperature and low NDVI, the 

emissivity is intermediate. Emissivity predicted using NDVI and EVI (not shown) has 

similar pattern than the model using surface temperature and NDVI.  

For the model using the surface temperature and EVI, low emissivity is found 

when EVI is roughly 0.5 and surface temperature is lower than 10°C. Generally, the 

emissivity increases with surface temperature. 
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Figure 6.2.3. Prediction of emissivity using two parameter models at 10 GHz V channel 

(first row) and at 10 GHz H channel (second row), 89 GHz V channel (third row) 

 

Regarding the prediction of emissivity at the horizontally polarized channels 

such as 10H-GHz channel, for the model based on soil moisture and surface 

temperature, low emissivity coincides with higher surface temperature and wetter soil, 

whereby unlike at 10V-GHz channel the soil moisture is not the only contributor to the 

variation of emissivity. For the model relying on soil moisture and NDVI, the low 

emissivity happens if NDVI is lower than 0.2, or if NDVI ranges from 0.2 to 0.7 and 

soil moisture is larger than 0.25. In contrast, NDVI becomes the governing factor 
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accountable for the variation of emissivity obtained from the model using NDVI and 

surface temperature, whereby the emissivity increases with NDVI.  

The variation of emissivity at 89V-GHz channel computed using two-parameter 

models behave differently from the 10V-GHz channel. The higher 89V-GHz emissivity 

comes from the wetter soil.  Besides, the increasing surface temperature tends to 

magnify the emissivity as well. For the model making use of the soil moisture and 

NDVI, the emissivity increases with the soil moisture and such effect becomes more 

preeminent when NDVI falls into the range from 0.2 to 0.7, which is usually the typical 

range for NDVI over the moderate vegetated region. For the modeling utilizing the EVI 

and surface temperature or NDVI and surface temperature (no shown), the NDVI/EVI 

is the only factor responsible for the variation of emissivity, whereby the emissivity 

remains constant with the varying surface temperature. Besides, for the model 

depending on the NDVI and EVI, low emissivity comes out with the uncommon 

conditions of low NDVI and high EVI while the high NDVI and low EVI facilitate the 

high emissivity. For the normal case in which the high NDVI is associated with the high 

EVI, the increases of NDVI and concurrent EVI do not make a large difference on the 

variation of emissivity. Accordingly, we guess that the effect of EVI might be same as 

the effect of NDVI over the moderate vegetated regions. 

 

6.3 Maximum Vegetated Surface 

6.3.1 Single parameter modeling 

For the maximum-vegetation region, soil moisture ranges from 0.05 to 0.33. 

Within this range, emissivity at the 10-GHz channels decreases with moisture. The 
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increasing slope is more obvious when soil moisture is lower than 0.2. However, for the 

higher frequencies, emissivities at 19-GHz and 37-GHz channels reach a local 

minimum and increase when the soil moisture is larger than 0.2. Emissivities at 19-GHz 

remain stable when the soil moisture is between 0.2 to 0.3, while emissivities at 37-GHz 

increase with soil moisture when soil moisture is larger than 0.2. In contrast, the 

emissivities at 89-GHz increase with soil moisture and the increasing trend is more 

evident when soil moisture is within the range 0.2 to 0.4. 

For ST-SPM, emissivities for all channels decrease with surface temperature 

unless the surface temperature is larger than 20°C. The decreasing trend is reversed 

when the surface temperature is higher than 22°C.  

For NDVI-SPM, emissivity at the horizontally polarized channels decrease with 

NDVI if NDVI is smaller than ~0.15, and then increase with NDVI when from 0.15 to 

0.45. Emissivities keep stable when NDVI fall into 0.45 to 0.7. If the NDVI is above 

0.7, emissivities decrease with the NDVI. For the vertically polarized channels, 

emissivities at 10V-GHz and 19V-GHz channels always decrease with NDVI. On the 

contrary, emissivities at 37V-GHz and 23V-GHz keep stable when NDVI varies from 

0.25 to 0.7. Beside, 89V-GHz emissivities increase with NDVI then decreases with 

NDVI when greater than 0.6. 

Regarding EVI-SPM, the emissivities at all the channels increase with EVI 

when EVI is smaller than 0.2, decrease with EVI when EVI is larger than 0.2. Their 

profiles exhibit the similar shapes for different channels.  
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Figure  6.3.1 Statistical model for single-parameter models over different channels for 

maximum vegetated region; soil moisture single parameter model (upper plot), soil 

temperature single parameter model (middle second plot), NDVI single parameter 

model (middle third plot), and EVI single parameter model (bottom plot) 

 

6.3.2 Multi-parameter models 

For the inter-comparison between different channels, the emissivity at 89-GHz 

is lower than at 37-GHz, while emissivity at 10-GHz is lower than at 19-GHz. Besides, 

the emissivities at horizontally polarized channels are lower than those at vertically 

polarized channels.  
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For the 10H-GHz and 19H-GHz channels, NDVI-SPM shows the highest 

correlation coefficient among the single parameter models. The model making use of 

soil moisture, surface temperature and NDVI has the highest correlation coefficient 

among the three-parameter models. For the 37H-GHz channel, the ST-SPM has the 

highest correlation coefficient among the single parameter models and the model 

including the information of all the surface parameters leads to a highest correlation 

coefficient. For 89H-GHz, the EVI-SPM presents the highest correlation coefficient 

among the single parameter models and the model taking the soil moisture, soil 

temperature and EVI results in the highest correlation coefficient.  

For the vertically polarized channel at 19-GHz, 37-GHz and 89-GHz, ST-SPM 

has the highest correlation coefficient among the single parameter models and the 

model taking soil moisture, surface temperature and EVI has the highest correlation 

coefficient among the multi-parameter models. For the 10V-GHz channel, SM-SPM has 

the highest correlation coefficient among the single parameter models, the model using 

soil moisture and surface temperature has the highest correlation coefficient among the 

two-parameter models.  
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Figure 6.3.2 Correlation coefficients between the all-channel emissivity derived from 

observed data and all-channel emissivity predicted using single-parameter models over 

maximum vegetated regions 

 

The importance of each surface parameter on their associated multi-parameter 

models over the maximum vegetated regions is assessed as shown in Table 6.3. For the 

low-frequency vertically polarized channels, the variation of emissivity is still primarily 

determined by soil moisture. Nevertheless, NDVI replaces the roles of soil moisture for 

the low-frequency horizontally polarized channels and effect of soil moisture is less 

influential than NDVI. Furthermore, for the high-frequency channels, the most 

important parameter is the surface temperature.  
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Table 6.5 Rank of importance of different surface parameters in multi-parameter models 

for all the channels over maximum vegetated regions 

Channel 1st 2nd 3rd 4th AICs 

10GHz V SM ST NDVI EVI -492559 

10GHz H NDVI SM ST EVI -417118 

19GHz V SM ST EVI NDVI -475709 

19GHz H NDVI SM ST EVI -418711 

23GHz V SM ST EVI NDVI -495624 

37GHz V ST EVI SM NDVI -482419 

37GHz H ST NDVI EVI SM -429149 

89GHz V ST SM EVI NDVI -465904 

89GHz H ST NDVI EVI SM -426252 

 

6.3.3 Prediction 

Our statistical models are adopted to predict the emissivities over the maximum 

vegetated regions and demonstrate their variation with different surface properties. The 

following figures show the prediction patterns of the two-parameter models.  
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Figure 6.3.3 Prediction of 10GHz V and 89V GHz V emissivity modeled using two-

parameter models over maximum vegetated regions 
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For the model using soil moisture and surface temperature (upper left plot), soil 

moisture and surface temperature both affect the variation of 10V emissivity. Smaller 

emissivities occur when the soil moisture is over 0.25 and simultaneously the surface 

temperature is higher than 18°C. As is demonstrated by the gradient of contours, the 

variation of emissivity with soil moisture is more apparent when surface temperature is 

relatively low, while surface temperature plays a more important role when the soil 

moisture is relatively high. In contrast, for 89V-GHz channel (middle plot in the second 

row), the emissivity increases with soil moisture except when the soil moisture is lower 

than 0.1 and surface temperature is lower than 10°C. Such increasing trend is just 

opposite to that for the 19V-GHz channel.  

For the model utilizing soil moisture and NDVI (upper middle plot), the 

contours are nearly parallel to the y-axis when the soil moisture is less than 0.15, 

indicating that soil moisture governs the variation of 10V-GHz emissivity for a dry soil 

surface, compared to the role of NDVI. Moreover, if the soil moisture is higher than 

0.25, the lower emissivities are accompanied with the higher NDVI. It indicates that 

NDVI can help reduce the emissivity for the wet soil surface. In contrast, for 89V-GHz 

channel, soil moisture increases with soil moisture and NDVI will enhance the 

emissivity when NDVI ranges from 0.2 to 0.7. Therefore, the peak emissivity is seen 

when the NDVI falls into the range 0.2 to 0.7 and the soil moisture value is as large as 

possible.  

The plot for the model using the soil moisture and EVI is quite similar to the 

model using soil moisture and NDVI, so we do not duplicate the discussion herein. 
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Such similarity, on the other hand, might suggest the similar effect of NDVI and EVI on 

the emissivity of maximum vegetated region.  

For the model using surface temperature and NDVI, the variation of 10V 

emissivity primarily relies on the NDVI. For NDVI lower than 0.4, the emissivity can 

get a peak when the surface temperature is around 10°C. Contrarily, when NDVI is 

higher than 0.4, the low emissivity area can be found when the surface temperature is 

approximately between 20°C to 25°C, or larger than 30°C. When it comes to 89V-GHz 

channel, the emissivity decreases with the higher surface temperature, and NDVI 

increases the emissivity when the NDVI varies from 0.2 to 0.7.  

For the model using EVI and NDVI, the increasing EVI generally tends to 

increase the 10V-GHz emissivity when the NDVI is larger than 0.4. When the NDVI is 

smaller than 0.4, the 10V-GHz emissivity does not change with the varying EVI. When 

it comes to 89V-GHz channel, the emissivity generally increases with decreasing EVI 

and the simultaneous increasing NDVI.  

 

6.4 Summary 

In this section, emissivity models were established using surface parameters 

from the satellite remote sensing observation instead of in-situ measurement. The 

analysis is primarily performed over maximum vegetated, moderate vegetated and 

minimal vegetated regions.  

The following tables summarize the variation trends of emissivity with soil 

moisture, soil temperature, NDVI/EVI. Regarding maximum vegetated regions, the 

emissivity generally decreases with soil moisture and surface temperature. For the 
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vegetation indices, the decreasing trends at the low frequency reverse to increasing 

trends at the high frequency. For moderate vegetated regions, the emissivity generally 

decreases with increasing soil moisture at the low frequency channels and increases 

with soil moisture at the high frequency channels. Likewise, the emissivity decreases 

with the NDVI or EVI at the 10-GHz channels but increases with NDVI for other 

channels. Oppositely, the emissivity increases with surface temperature for the low-

frequency channels but is unaffected by the surface temperature at other channels. 

When it comes to the minimal vegetated regions, the emissivity decreases with 

increasing soil moisture and increases with surface temperature. Moreover, the 

decreasing trend with soil moisture generally becomes less steep at low frequency while 

the increasing trend with surface temperature typically becomes steeper at higher 

frequency.  

 

Table 6.6. Variation trends of the emissivity as a function of surface properties for 

maximum vegetated regions 

Maximum  

Vegetated 

SM ST NDVI EVI 

10V Decrease Flat, then 

decrease 

Decrease Slightly 

decrease 

19V Decrease, 

then flat 

Decrease Flat, then 

decrease 

Slightly 

decrease 

23V Decrease, 

then flat 

Decrease Flat and 

decrease 

Slightly 

decrease 
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37V Decrease, 

then increase 

Decrease Flat and 

decrease 

Slight 

decrease 

89V Decrease, 

then increase 

Decrease Flat and 

decrease 

Steeply 

decrease 

10H Decrease Flat, 

decrease 

Increase Flat 

19H Decrease flat Flat, 

decrease 

Increase 

then flat 

Increase, 

then 

decrease 

37H Decrease, 

increase 

Decrease Increase 

then 

decrease 

Increase, 

then 

decrease 

89H Increase Decrease Increase 

then 

decrease 

Flat, then 

decrease 

 

Table 6.7. Variation trends of the emissivity as a function of surface properties for 

moderate vegetated regions 

Moderate 

vegetated 

SM ST NDVI EVI 

10V Decrease Increase Decrease Decrease, 

then flat 
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19V Decrease Increase Decrease Flat 

23V Decrease Increase Increase 

flat 

Flat 

37V Flat Flat Increase 

decrease 

Increase 

then flat 

89V Increase Flat Increase 

flat 

Increase 

then flat 

10H Increase then 

decrease 

Flat Increase 

then flat 

Increase 

then flat 

19H Increase then 

decrease 

Flat Increase 

then flat 

Increase 

then flat 

37H Increase then 

decrease 

Flat Increase 

then flat 

Increase 

then flat 

89H Decrease Flat Increase 

then flat 

Increase 

then flat 

 

Table 6.8. Variation trends of the emissivity as a function of surface properties for 

moderate vegetated regions 

Minimal 

vegetated 

SM ST NDVI EVI 

10V Decrease Increase Increase than 

decrease 

Increase flat 

decrease 
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19V Decrease Increase Increase flat 

decrease 

Increase flat 

decrease 

23V Decrease Increase Increase flat 

decrease 

Increase flat 

decrease 

37V Decrease Increase Increase flat 

decrease 

Increase flat 

decrease 

89V Decrease Increase Increase flat Flat increase 

decrease 

10H Decrease Increase Increase than 

slightly 

decrease 

Increase than 

slightly 

decrease 

19H Decrease Increase Increase than 

slightly 

decrease 

Increase than 

slightly 

decrease 

37H Decrease Increase Increase than 

slightly 

decrease 

Increase than 

slightly 

decrease 

89H Decrease Increase Increase than 

slightly 

decrease 

Increase than 

slightly 

decrease 

 

The assessment and comparison of the single parameter models and different 

combination of surface parameters (multi-parameter models) illustrate that soil moisture 
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is the primary factor to account for the variation of emissivity over minimal vegetated 

regions. It is noticed that the models of vertically polarized channels perform better than 

the models for the horizontally polarized channels. In terms of moderate vegetated 

regions, the most important surface property is soil moisture with the exception of the 

high-frequency horizontally polarized channels. For the 37H-GHz and 89H-GHz, 

vegetation indices make the largest contribution to the variation of the emissivity. 

Again, the models for the vertical polarized channels achieve better performance than 

the models for the horizontally polarized channels. When it comes to the maximum 

vegetated regions, the interaction between surface properties is more complex. For the 

low-frequency vertically polarized channels, soil moisture still governs the variation of 

emissivity. However, the vegetation becomes more important for the low-frequency 

horizontally polarized channels. In contrast, the main contributor to the variation of the 

high-frequency channels is the surface temperature.  
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7. Comparison 

This section focuses on two different comparisons. The first comparison is on 

the data sources to build the emissivity models, i.e. in-situ measurements and satellite 

observations respectively. The feasibility of using SMAP and MODIS satellite missions 

to built emissivity maps will be evaluated. The other comparison focuses on rainy 

conditions and evaluates the agreement between the GMI-estimated emissivity and the 

emissivity derived from the statistical models. It will enable to assess the progress and 

challenges in retrieving surface emissivity in precipitation, which is a major challenge 

for GPM. 

It is important to note that the difference of resolution between in-situ and 

remote sensing measurement is a crucial issue. However this aspect will require more 

work and should be addressed in future studies. 

 

7.1 Comparisons between Remote Sensing and In-situ Measurement Perspectives 

We separate the in-situ measurements of all the stations according to the Surface 

Type Index provided by GMI level-2 and obtain five different categories of data 

stratified by the surface types, (including the maximum vegetated regions, moderate 

vegetated regions and minimal vegetated regions) similar to section 6. The sample sizes 

of these in-situ measurements are shown in the Table 7.1. Due to the limited sample for 

the low vegetated and minimal vegetated regions, the study below will mainly focus on 

the maximum, high and moderate vegetated regions. Remote sensing data (covered in 

the section 6) and in-situ measurement differ in that the former uses the soil moisture 
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and surface temperature data from SMAP while the latter uses in-situ measurements. 

The statistical analysis developed in previous sections is performed from the two 

perspectives to explore the differences between the remote sensing observation or in-

situ measurements and to investigate how such differences can affect the emissivity 

models.  

The statistics of data for each category of surface types are shown in Table 7.2, 

except the minimal vegetated region (due to the limited sample size of this category). 

The discussion of minimal-vegetation region will be ignored in this section.  

Similarly, the statistical models are established for each type of surface. For 

convenience, the models using the data from remote sensing sources are referred as RS, 

while the models using data from in-situ measurement sources are referred as IS.  

Table 7.1 Sample sizes of different surface types in the in-situ measurement datasets 

Surface type Sample Size 

Maximum vegetated 22081 

High vegetated 31737 

Moderate vegetated 14047 

Low vegetated  1147 

Minimal vegetated 106 
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Table 7.2 statistics of soil moisture, soil temperature, NDVI and EVI for maximum-

vegetation regions, moderate-vegetation regions, low-vegetation regions and minimal-

vegetation regions from the in-situ measurements 

 Maximum vegetated Moderate vegetated 

10% 50% 90% 10% 50% 90% 

SM 0.065 0.19 0.35 0.017 0.09 0.29 

ST (°C) 7.3 17.2 26.8 6.4 17.1 32 

AT 

(°C) 
4.9 14.5 26.4 4.3 15.8 29.0 

NDVI 0.31 0.58 0.83 0.10 0.24 0.56 

EVI 0.17 0.36 0.60 0.075 0.14 0.34 

 

 High vegetated Low vegetated 

10% 50% 90% 10% 50% 90% 

SM 0.047 0.17 0.35 0.04 0.08 0.20 

ST 

(°C) 
6.4 16.9 27.0 6.6 18 32 

AT 

(°C) 
4.2 15.7 27 4.5 16.3 30 

NDVI 0.20 0.43 0.74 0.11 0.15 0.22 

EVI 0.12 0.24 0.53 0.068 0.10 0.14 
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7.1.1 Comparison of single parameter models 

As shown in the Figure 7.1.1, the RS and IS conditional probability distribution 

are similar, particularly for the maximum vegetated regions. For the moderate and low 

vegetated regions, the emissivity profiles derived from remotely sensed data based 

models tend to be smaller than the profiles from the in-situ measurements.  

The following comparisons focus on SM-SPM, ST-SPM, NDVI-SPM and EVI-

SPM respectively. These figures can be found in Appendix B. For the maximum-

vegetation regions, in term of SM-SPM, the distribution profiles of SM-SPM-RS and 

SM-SPM-IS for the 10V-GHz, 19-GHz and 89-GHz channels are virtually identical. 

Nevertheless, the distribution profiles for the 23V-GHz and 37V-GHz channels from 

SM-SPM-RS exhibit a narrower shape. This might be attributed to the coarser 

resolution of the remote sensing information: random variability is smoothed over the 

SMAP footprint. In contrast, for all the horizontally polarized channels, distribution 

profiles for the SM-SPM-RS are also very similar to those for SM-SPM-IS but the 

former ones are marginally higher than the latter ones. 

For the moderate vegetated regions, a noticeable similarity between the 

emissivity obtained from SM-SPM-IS and SM-SPM-RS is found for the 89-GHz 

channel. Regarding the 10-GHz, 19-GHz and 37-GHz horizontally polarized channels, 

the emissivity profiles from SM-SPM-IS match quite well with the emissivity profiles 

from SM-SPM-RS when the soil moisture is lower than 0.15, while the emissivity 

profiles from SM-SPM-IS are higher than those from SM-SPM-RS, when the soil 

moisture is larger than 0.15. In contrast, lower emissivity profiles are obtained from 
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SM-SPM-RS in comparison to SM-SPM-IS, when it comes to the 10-GHz, 19-GHz, 23-

GHz and 37-GHz V channels. 
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Figure 7.1.1 Comparison of the distribution of emissivity as a function of soil moisture 

(first row), surface temperature (second row), NDVI (third row) and EVI (fourth row) at 

10V-GHz channel from remotely sensed data based-models (blue profiles) and from in 

situ measurement-based models (grey profiles) over maximum vegetated regions (left), 

moderate vegetated regions (middle), low vegetated regions (right). 

 

For the low-vegetation regions, the emissivity profiles of vertically polarized 

channels from SM-SPM-RS are lower than those from SM-SPM-IS, especially for the 

10-GHz channel. The difference of emissivity profiles between SM-SPM-RS and SM-

SPM-IS diminishes with the increasing frequency. Thus, for the 89-GHz, emissivity 

profiles from SM-SPM-RS and SM-SPM-IS are much overlapped. For the horizontally 

polarized channels, the emissivities from SM-SPM-RS have a wider shape and are 

lower than that from SM-SPM-IS.  

As for ST-SPM, the distribution profiles of emissivity at the vertically polarized 

channels are very similar for the maximum vegetation regions. For the horizontally 

polarized channels, they are identical at 89H-GHz. However, emissivity derived from 

ST-SPM-IS at the other three horizontally polarized channels is lower than that of ST-
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SPM-RS if the surface or soil temperature is lower than 15°C and verse vice if the 

surface or soil temperature is higher than 15°C.  

For the moderate vegetated regions, the emissivity profiles from ST-SPM-RS 

and ST-SPM-IS bear close resemblance, for either vertically or horizontally polarized 

channels, if the wave-shapes for the emissivity profiles from ST-SPM-IS are ignored 

and only the general trends are taken into account.  

For the low vegetation regions, the emissivity profiles of the low-frequency 

vertically polarized channels from ST-SPM-RS are characterized by a wider shape, 

especially when the surface temperature is lower than 25°C, while the emissivity 

profiles from ST-SPM-IS are centralized with a smaller strip. However, with the 

increasing frequency, emissivity profiles from ST-SPM-IS and ST-SPM-RS become 

closer, and then can be nearly identical when it comes to the 89GHz channel. For the 

horizontally polarized channels, the emissivity profiles obtained from ST-SPM-RS are 

very unstable, fluctuating in wave-like shapes. For instance, the emissivity from ST-

SPM-RS might have 10% chance of being as low as 0.85, which is much less likely for 

the emissivity from ST-SPM-IS. Therefore the profiles from ST-SPM-RS do not fit 

those from ST-SPM-IS.  

Similar discussion for NDVI-SPM is presented as follows. For maximum 

vegetated regions, the distribution profiles of the emissivity at the vertically polarized 

channels from the NDVI-SPM-IS are very close to those from NDVI-SPM-RS and the 

latter ones might be slightly larger than the former ones. However, distributions at the 

horizontally polarized channels from NDVI-SPM-IS have a wider shape and the 

associated emissivity profiles are slightly larger than those from NDVI-SPM-RS.  
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For the moderate vegetated regions, NDVI-SPM-IS shares the almost identical 

distribution profiles with NDVI-SPM-RS for the 89H-GHz channel. And the very 

similar distributions between NDVI-SPM-IS and NDVI-SPM-RS exist for the other 

three horizontally polarized channels regardless of the fluctuating profiles from NDVI-

SPM-IS. When considering the vertically polarized channels, the emissivity obtained 

from NDVI-SPM-RS is smaller than that from NDVI-SPM-IS, except the significant 

similarity between NDVI-SPM-RS and NDVI-SPM-IS for the 89V-GHz channel.  

For the low vegetated regions, NDVI ranges up to 0.2 amid the in-situ 

measurements while it reaches 0.4 among the satellite observations. Emissivity at the 

horizontally polarized channels from NDVI-SPM-RS is higher than that of NDV-SPM-

IS if the NDVI is less than 0.26 but both of them exhibit the similar increasing trends. 

On the contrary, once the NDVI is larger than 0.26, the emissivity from NDVI-SPM-RS 

increases with NDVI while emissivity from NDVI-SPM-IS decreases with increasing 

NDVI. When it comes to the vertically polarized channels, the emissivity profiles from 

NDVI-SPM-IS are more likely to be lower than those from NDVI-SPM-RS when the 

NDVI is less than 0.26. 

Regarding EVI-SPM, for maximum vegetation, the profiles of distributions of 

the emissivity from the EVI-SPM-IS and EVI-SPM-RS model are nearly identical for 

the vertically polarized channels. However, for the horizontally polarized channels, the 

distribution profiles from the IS model are higher than those from the RS model. 

For the moderate vegetated regions, EVI-SPM-IS and EVI-SPM-RS share 

similar distribution profiles for the horizontally polarized channels. When it comes to 

the vertically polarized channels, higher emissivities from EVI-SPM-IS can be seen 
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when compared to the emissivities from NDVI-SPM-RS, with exception of 89V-GHz 

channel whose emissivity from EVI-SPM-IS and EVI-SPM-RS are extremely similar.  

For the low vegetated regions, EVI of the in-situ measurements ranges up to 

0.145 while EVI of the satellite observation ranges up to 0.22. Therefore, when EVI is 

smaller than 0.145, the horizontally polarized emissivity obtained from EVI-SPM-IS is 

larger than that from EVI-SPM-RS but both of them share the similar trends and shapes. 

Conversely, when EVI is larger than 0.145, the emissivity profiles from EVI-SPM-IS 

and EVI-SPM-RS are totally different. Lack of data for the EVI’s range from 0.145 to 

0.22 might be accountable for such discrepancies. However, no significant deviations 

are present in the comparison between the EVI-SPM-IS and EVI-SPM-RS for the 

vertically polarized channels. Specifically, the emissivity from EVI-SPM-IS is slightly 

higher than that from EVI-SPM-RS if EVI is below 0.15 and verse vice if EVI is above 

0.15.  

We focus on the median value of the PDFs of the emissivity to compare the 

models for five types of surfaces. Figure 7.1.2 shows these trends of emissivity as a 

univariate function of soil moisture at all the channels and over five categories of 

surface type. The emissivity derived from in-situ measurement and remotely sensing 

can be compared. Only the maximum vegetated, moderate vegetated and moderate 

vegetated are discussed in these following figures.  
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Figure 7.1.2 Comparison of single parameter modeling of emissivity estimated from 

models based on the remote sensing data and models based on the in-situ measurements 

over five classifications of surface type for all the channels 

 

For 10V-GHz channel, the model for SM-SPM-RS fits well with that for SM-

SPM-IS over the maximum vegetated regions. The typical range of soil moisture over 

the maximum-vegetation regions is from 0.05 to 0.35. Within this range, the 10V 

emissivities from both SM-SPM-RS and SM-SPM-IS decrease with soil moisture and 

the profiles from both of them is almost identical.  

For high-and-moderate-vegetation regions, the emissivities from SM-SPM-RS 

decrease more rapidly than SM-SPM-IS, whereby the difference between SM-SPM-RS 

and SM-SPM-IS is more notable for moderate vegetation. In other words, given a 

certain value of soil moisture, the emissivities modeled using SM-SPM-RS are lower 

than the emissivity modeled from SM-SPM-IS.   

When it comes to the higher frequency (37V-GHz and 89V-GHz channels), the 

discrepancies over moderate-vegetation regions become smaller.  
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The horizontally polarized channels exhibit similar variations to the vertically 

polarized channels over the five surface types for SM-SPM-IS and SM-SPM-RS. For 

the 10H-GHz channel over maximum-and-high-vegetation regions, the emissivities 

exhibit slightly decreasing trends with soil moisture. For low-vegetation regions, the 

emissivity modeled from SM-SPM-IS is noisy, probably owing to the small sample 

size; for the minimum-vegetation regions, in-situ measurements also do not provide 

sufficient large samples.  

The discussion above on the 10H-GHz channel is still valid for the 19H-GHz 

and 37H-GHz channels. For the 89H-GHz channel, emissivities for maximum-and-high 

vegetation regions remain rather constant with soil moisture for the typical range from 

0.1 to 0.35. Emissivities from SM-SPM-IS and SM-SPM-RS are quite similar across 

maximum, high and moderate vegetated regions.  

When it comes to surface temperature and emissivities at the horizontally 

polarized channels of 10GHz, 19GHz and 37GHz (not shown), ST-SPM-RS and ST-

SPM-IS are very similar over moderate-vegetation regions.  

For the low frequency vertically polarized channels, the emissivity profiles 

derived from ST-SPM-RS are similar to ST-SPM-IS for the high-vegetated regions. 

Differences noted for the maximum-vegetated and moderate-vegetated regions may 

arise from the differences between the surface temperature defined for the satellite 

product and the measured soil temperature.  

Regardless of the data sources, the emissivity derived from ST-SPM tends to 

decrease with the higher frequencies.  
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Figure 7.1.3 Comparison of single parameter modeling (ST and NDVI) of emissivity 

estimated from models based on the remote sensing data and models based on the in-

situ measurements over five classifications of surface type for all the channels 

 

The comparison between NDVI-SPM-IS and NDVI-SPM-RS demonstrates a 

robust analogy over maximum and high vegetated regions. The emissivities of vertically 

polarized channels decrease with the higher NDVI as far as NDVI is larger than 0.1 and 

the decreasing trends are more noticeable over moderate. When it comes to high 

frequency such as 89 GHz, most emissivity profiles, in spite of the frequency and data 

sources differences, appear very close to each other.  

In general, for the scenarios of the low-vegetated regions, the emissivity derived 

from NDVI-SPM-RS is higher than that derived from NDVI-SPM-IS when NDVI is 

larger than 0.3, while it reverses when the NDVI is larger than 0.3. Similar to ST-SPM, 

the emissivity can be as low as 0.65 for the vertically polarized channels and as low as 

0.8 for the horizontally polarized channels for the case of the low and minimal 

vegetated regions, if the NDVI is smaller than 0.1, which indicates that the underlying 

surface might be a barren surface with the scarce vegetation coverage. 

The comparison for the parameter EVI is quite similar to NDVI and we do not 

duplicate the discussion herein.  
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7.2 Comparison of the Rainy Emissivity 

The emissivity data we used in this analysis is derived from the GMI brightness 

temperature for the non-rainy scenes only. However, the emissivity under rainy scenes 

is very important to analyze because the PMW precipitation retrieval requires the 

information of the underlying overland surface emissivity.  

The rainy emissivity can be obtained through two approaches. One is to search 

the closest non-rainy satellite overpass back in time and use the emissivity from that 

overpass for the estimation of the rainy emissivity. We can call this estimate type 1 

emissivity. The other approach is to extrapolate the emissivity models discussed in 

sections 5 and 6 provided that the surface properties are available. Accordingly, the 

emissivity calculated from the second method is referred as the type 2 rainy emissivity.  

We recall that the emissivity models produce a probability distribution function. 

At a given rainy time over a ISMN station, the deterministic emissivity derived from the 

first approach can be compared to the distribution of emissivity from the statistical 

models used as a reference to evaluate the feasibility of estimating the rainy emissivity 

based on the closest non-rainy emissivity.  

Figure 7.2.1 shows the type 2 emissivity quantiles of 10%, 25%, 50%, 75% and 

90% as well as the type 1 rainy emissivity over a grassland station named Numm#1 

(latitude and longitude are 40.9°N and 104.7°W). The type 1 rainy emissivity might fall 

into the range that is below 10% quantiles, or between the 25% and 50% quantiles of 

the distribution of type 2 emissivity. 
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Figure 7.2.1 Time series of emissivity quantiles derived from our statistical models and 

type 1 rain emissivity over the Numm#1 station 

 

The type 1 emissivity can be converted into a quantile of the distribution of the 

type 2 rainy emissivity. The statistics of such information are presented in Figure 7.2.2. 

For the 10V-GHz channel, more than 25% of the type 1 rainy emissivities fall into the 

range below the quantile 10% of the type 2 rainy emissivity, and around 10% fall into 

the range above 90% quantile 90%. Similarly the type 1 emissivity is more likely to fall 

below the quantile 10% for most of the low frequency channels. It indicates that the 

rainy emissivity based on the closest-time non-rainy emissivity tends to underestimate 

the surface emissivity at these frequencies. For the 37V-GHz channel, the probabilities 

associated to the type 1 rainy emissivity are more evenly distributed.  For the 89GHz 

channels, most of the quantiles are above 50%. Therefore, the discrepancy between the 

type 1 and type 2 rainy emissivity is frequency dependent. More generally it suggests 
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that the approach of replacing the rainy emissivity using the closest-in-time past non-

rainy emissivity is subject to uncertainties.  

 

 

 

 

Figure 7.2.2 Quantile information of the type 1 rainy emissivity in the distribution of the 

type 2 rainy emissivity for all the stations over the grassland 
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The discussion above is specific for all the stations across the grassland. 

However, for other types of landcover (shown in Figure 7.2.3), the situation is found the 

same. As representative examples, the distribution of probability of the type 1 rainy 

emissivity falling into different quantiles ranges of the type 2 rainy emissivity is quite 

even for the 37GHz V channel over cropland, and shifted toward higher quantiles for 

the 89GHz H channel over the shrubland. 

 

Figure 7.2.3 Quantile information of the type 1 rainy emissivity in the distribution of the 

type 2 rainy emissivity for all the stations for other types of landcover, such as mixed 

forest (10 GHz V channel), shrubland (89 GHz H channel) and cropland (37 GHz V 

channel) 

 

7.3 Summary 

Two comparisons are involved in this section. The first comparison is to figure 

out the difference between emissivity models based on satellite observations and in-situ 

measurements.  The following tables summarize the comparison: “Same” means that 

the two distributions are nearly identical. “IS Wider” indicates that the distribution of 

emissivity derived from in-situ measurements has a wider range than the distribution of 
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emissivity derived from satellite observations. “RS>IS” means that the distribution of 

the emissivity derived from the satellite observations are shifted positively relative to 

those derived from the in-situ measurements.  

From these tables, it appears that the distributions of emissivity derived from in-

situ measurements are similar to the distributions of emissivity derived from satellite 

observation in many cases.  Some discrepancies can arise from the different natures of 

the measurements and the difference in resolution. These aspects will be addressed in 

future studies.  

 

Table 7.3 Comparison between distributions of RS and IS emissivities over the 

maximum vegetated regions 

Maximum 

vegetated 

SM ST NDVI EVI 

10V Same RS>IS, then 

RS<IS 

Same Same 

19V Same RS>IS, then 

RS<IS 

Same Same 

23V IS wider RS>IS, then 

RS<IS 

Same Same 

37V IS wider Same, then 

RS<IS 

Same, then 

RS>IS 

Same 

89V Same Same, then Same, then Same 



 160 

RS<IS RS>IS 

10H RS>IS RS>IS, then 

RS>IS 

Similar RS>IS, then 

same and IS 

wider 

19H RS>IS RS>IS, then 

RS>IS 

IS wider RS>IS, then 

same and IS 

wider 

37H RS>IS RS>IS, then 

RS>IS 

RS>IS and 

IS wider 

RS>IS, then 

same and IS 

wider 

89H RS>IS Same RS>IS and 

IS wider 

RS>IS, then 

same 

 

Table 7.4 Comparison between distributions of RS and IS emissivities over the 

moderate vegetated regions 

Moderate 

vegetated 

SM ST NDVI EVI 

10V RS<IS RS<IS RS<IS RS<IS 

19V RS<IS RS<IS RS<IS RS<IS 

23V RS<IS Same RS<IS RS<IS 

37V RS<IS Same RS<IS RS<IS 

89V RS<IS, then Same Same Same 
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RS>IS 

10H Same, then 

RS<IS 

Same RS<IS RS<IS 

19H Same, then 

RS<IS 

Same RS<IS, IS 

wider 

RS<IS 

37H Same, then 

RS<IS 

Same RS<IS RS<IS 

89H RS>IS RS<IS Same Same 

 

Another comparison addresses the challenge of the rainy emissivity. The rainy 

emissivity can be obtained by either using the closest past-time non-rainy emissivity or 

by extrapolating our emissivity models using the continuous measurement of the 

surface properties at stations. The emissivity obtained by the former method tends to 

underestimate specifically at low frequency. More analysis is needed to decipher this 

behavior.  
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8. Summary 

The study addresses the effect of surface properties on the variation of the 

overland passive microwave (PMW) emissivity. The motivation of our research is 

presented in section 1. Our research aims at improving the understanding of the 

emissivity by establishing new emissivity models using surface properties.  

We introduce the space missions GPM and SMAP and discuss the current status 

for the passive microwave precipitation retrievals as well as soil moisture retrievals in 

section 2. Section 3 details the theoretical basis of PMW emissivity, reviews the current 

methods for calculating the PMW emissivity and associated primary emissivity 

products, and discusses the method for the emissivity used in this research. The data of 

soil moisture, surface temperature, and vegetation indices from both in-situ 

measurement and remote sensing satellite observation are introduced in section 4.  

Results and discussion are presented from section 5 to section 7. In both section 5 and 

section 6, we show the procedure of establishing empirical and statistical emissivity 

models, evaluate single-parameter and multi-parameter models, and predict the 

emissivity. Section 5 focuses on models based on in-situ measurements of soil moisture, 

soil temperature and air temperature. Section 6 focuses on models based on the satellite 

remotely sensed soil moisture and surface temperature, leading to a remote sensing 

perspective of the problem.  

Section 5 studies the emissivity model over three stations that are representative 

of grassland, forest and barren regions. The land cover for these three stations is 

determined with the MODIS IGBP landcover classification. Section 6 deals with five 

categories of surface type (the maximum-vegetation, high-vegetation, moderate-
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vegetation, low-vegetation and minimal-vegetation regions) based on the GMI level 2 

products.   

Section 7 addresses the comparison of the emissivity models established in the 

section 5 and section 6 respectively, compares the robustness and effectiveness of the 

emissivity models developed using in-situ and remote sensing perspectives. 

Additionally, section 7 compares the rainy emissivity derived from a satellite-based 

technique with the rainy emissivity obtained from our emissivity models.  

From the results and discussion above we conclude that: 

1) Soil moisture is a primary factor controlling the variation of emissivity, especially for 

the surface characterized by little to moderate vegetation at the low vertically polarized 

channels; 

2) The effect of vegetation becomes more important at the higher frequency channels 

for the surface with moderate to high vegetation coverage; 

3) Soil temperature or air temperature tends to govern the variation of high-frequency 

emissivity over the barren regions;  

4) Our model can depict the variation of emissivity at different frequencies and 

polarizations by including the effect of surface properties. It can be applied over 

different types of overland surface or landcover;  

5) A comparison between the in-situ and remote sensing models shows that the 

emissivities derived from these two different sources bear great resemblance; 

6) Emissivity decreases with increasing NDVI at the vertically polarized channels, and 

increases with NDVI at the low-frequency horizontally polarized channels. Emissivity 

decreases with the EVI at the high frequency horizontally polarized channels; 



 164 

emissivity at the vertically polarized channels decreases with the vegetation indices 

over the moderate vegetated regions. Emissivity decreases with the vegetation indices at 

the low frequency vertically polarized channels, and increases with the increasing 

NDVI/EVI at other channels for the low vegetated regions. 

7) Emissivity decreases with the soil moisture at the low-frequency channels and 

increases with the soil moisture at the high-frequency channels for the region with 

maximum to moderate vegetation; emissivity decreases with increasing soil moisture 

for the low-frequency channel for the low vegetated regions.  

8) Emissivity decreases with the surface temperature at the high-frequency channels 

over maximum-vegetation regions, and increases with the surface temperature at the 

low frequency vertically polarized channels; emissivity increases with the increasing 

surface temperature at the vertically polarized channels for the moderate and low 

vegetated regions. 

Through the discussion above, we can estimate or predict the emissivity for the 

microwave passive precipitation retrievals by applying the emissivity models. This new, 

dynamic datasets of PMW emissivity can contribute to the improvement of the accuracy 

of satellite quantitate precipitation estimates.  
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Appendix A: Distribution of Emissivity for In-situ Measurement from Three 

Stations 
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Figure A.1.1 Distribution of emissivity from the soil moisture single parameter model 

for Abrams grassland station 

 

 

 

 

Figure A.1.2 Distribution of emissivity from the soil temperature single parameter model 

for Abrams grassland station 
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Figure A.1.3 Distribution of emissivity from the air temperature single parameter model 

for Abrams grassland station 
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Figure A.1.4 Distribution of emissivity from the NDVI single parameter model for 

Abrams grassland station 
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Figure A.1.5 Distribution of emissivity from the EVI single parameter model for Abrams 

grassland station 
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Figure A.1.6 Distribution of emissivity from the soil moisture single parameter model 

for Mammothcave forest station 
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Figure A.1.7 Distribution of emissivity from the soil temperature single parameter model 

for Mammothcave forest station 
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Figure A.1.8 Distribution of emissivity from the air temperature single parameter model 

for Mammothcave forest station 
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Figure A.1.9 Distribution of emissivity from the NDVI single parameter model for 

Mammothcave forest station 
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Figure A.1.10 Distribution of emissivity from the EVI single parameter model for 

Mammothcave forest station 
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Figure A.1.11 Distribution of emissivity from the soil moisture single parameter model 

for Stovepipewell barren region station 
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Figure A.1.12 Distribution of emissivity from the soil temperature single parameter 

model for Stovepipewell barren region station 
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Figure A.1.13 Distribution of emissivity from the air temperature single parameter 

model for Stovepipewell barren region station 
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Figure A.1.14 Distribution of emissivity from the NDVI single parameter model for 

Stovepipewell barren region station 
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Figure A.1.15 Distribution of emissivity from the EVI single parameter model for 

Stovepipewell barren region station 
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Appendix B: Comparison of the Distribution of Emissivity from In-situ 

Measurement and Satellite Observation 

 

 

Fig B.1.1 Comparison of distribution of the emissivity from the soil moisture single 

parameter models based on the satellite remotely sensed data and the emissivity from 

the soil moisture single parameter models based on in-situ measurements over the 

maximum vegetated regions 
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Figure B.1.2 Comparison of distribution of the emissivity from the surface temperature 

single parameter models based on the satellite remotely sensed data and the emissivity 

from the soil temperature single parameter models based on in-situ measurements over 

the maximum vegetated regions 
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Figure B.1.3 Comparison of distribution of the emissivity from the NDVI single 

parameter models based on the satellite remotely sensed data and the emissivity from 

the NDVI single parameter models based on in-situ measurements over the maximum 

vegetated regions 
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Figure B.1.4 Comparison of distribution of the emissivity from the EVI single 

parameter models based on the satellite remotely sensed data and the emissivity from 

the EVI single parameter models based on in-situ measurements over the maximum 

vegetated regions 
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Figure B.1.5 Comparison of distribution of the emissivity from the soil moisture single 

parameter models based on the satellite remotely sensed data and the emissivity from 

the soil moisture single parameter models based on in-situ measurements over the 

moderate vegetated regions 
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Figure B.1.6 Comparison of distribution of the emissivity from the surface temperature 

single parameter models based on the satellite remotely sensed data and the emissivity 

from the soil temperature single parameter models based on in-situ measurements over 

the moderate vegetated regions 
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Figure B.1.7 Comparison of distribution of the emissivity from the NDVI single 

parameter models based on the satellite remotely sensed data and the emissivity from 

the NDVI single parameter models based on in-situ measurements over the moderate 

vegetated regions 
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Figure B.1.8 Comparison of distribution of the emissivity from the EVI single 

parameter models based on the satellite remotely sensed data and the emissivity from 

the EVI single parameter models based on in-situ measurements over the moderate 

vegetated regions 
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Figure B.1.9 Comparison of distribution of the emissivity from the soil moisture single 

parameter models based on the satellite remotely sensed data and the emissivity from 

the soil moisture single parameter models based on in-situ measurements over the low 

vegetated regions 
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Figure B.1.10 Comparison of distribution of the emissivity from the surface temperature 

single parameter models based on the satellite remotely sensed data and the emissivity 

from the soil temperature single parameter models based on in-situ measurements over 

the low vegetated regions 
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Figure B.1.11 Comparison of distribution of the emissivity from the NDVI single 

parameter models based on the satellite remotely sensed data and the emissivity from 

the NDVI single parameter models based on in-situ measurements over the low 

vegetated regions 
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Figure B.1.12 Comparison of distribution of the emissivity from the EVI single 

parameter models based on the satellite remotely sensed data and the emissivity from 

the EVI single parameter models based on in-situ measurements over the low vegetated 

regions 
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Appendix C: Comparison of the Rainy Emissivity from Model and from Satellite 

Retrievals 

 

 

 

Figure C.1.1 Quantile information of the type 1 rainy emissivity in the distribution of 

the type 2 rainy emissivity for all the stations over the mixed forest 
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Figure C.1.2 Quantile information of the type 1 rainy emissivity in the distribution of 

the type 2 rainy emissivity for all the stations over the cropland 
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Figure C.1.3 Quantile information of the type 1 rainy emissivity in the distribution of 

the type 2 rainy emissivity for all the stations over the shrubland 

 

 

 

 


