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Abstract: Spectral remote sensing technique is usually used to monitor flood and waterlogging disaster. Although 

spectral remote sensing data have many advantages for ground information observation, such as real time and high 

spatial resolution, they are often interfered by clouds, haze and rain. As a result, it is very difficult to retrieve ground 

information from spectral remote sensing data under those conditions. Compared with spectral remote sensing tech-

nique, passive microwave remote sensing technique has obvious superiority in most weather conditions. However, the 

main drawback of passive microwave remote sensing is the extreme low spatial resolution. Considering the wide ap-

plication of the Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E) data, an AMSR-E 

data unmixing method was proposed in this paper based on Bellerby′s algorithm. By utilizing the surface type classifi-

cation results with high spatial resolution, the proposed unmixing method can obtain the component brightness tem-

perature and corresponding spatial position distribution, which effectively improve the spatial resolution of passive 

microwave remote sensing data. Through researching the AMSR-E unmixed data of Yongji County, Jilin Provinc, 

Northeast China after the worst flood and waterlogging disaster occurred on July 28, 2010, the experimental results 

demonstrated that the AMSR-E unmixed data could effectively evaluate the flood and waterlogging disaster. 
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1  Introduction 
 

Among a variety of natural disasters, flood and water-
logging is one of main disaster that do serious harm to 
national economy and human being living. In order to 
monitor and evaluate flood disasters, it is very important 
to acquire and analyze the relative data information in 
time. However, the traditional methods based on manual 
acquisition are not suitable for flood disaster research 
due to the demands of the process of data acquisition 
and data precision. Remote sensing techniques play an 
active and important role in flood disaster management, 
such as monitoring, emergency response and evaluation, 

mainly using the optical senor or microwave radar. At 
present, spectral remote sensing and aerial remote sens-
ing techniques are adopted mostly to enhance the inte-
grated ability of monitoring, precaution and emergency 
response for flood disaster. The spectral remote sensing 
data with high spatial resolution, such as LANDSAT 
thematic mapper (LANDSAT-TM), SPOT high resolu-
tion visible (SPOT-HRV) and Quick Bird, or those with 
high time resolution, such as the moderate resolution 
imaging spectroradiometer (MODIS) and the advanced 
very high resolution radiometer (AVHRR) are often 
used in the researches on flood and waterlogging disas-
ter (Tan et al., 2004; Rahman et al., 2007; Bindlish et al., 
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2009; Nishat and Rahman, 2009). Although spectral 
remote sensing technique has many advantages for ana-
lyzing the water characteristics derived from flooded 
area (Sun, 2002; Dey et al., 2008; Ferrazzoli et al., 
2010), such as real time and high spatial resolution, 
spectral remote sensing images are often interfered by 
clouds, haze and rain. As a result, it is difficult to re-
trieve ground information from spectral remote sensing 
data under those conditions. In contrast, passive micro-
wave has the capacity to penetrate cloud cover, dust, and 

haze (Ulaby et al., 1986).Passive microwave remote 

sensing is often used to observe microwave emission 
features from the surface of the Earth under most 
weather conditions. Surface types can be classified ef-
fectively by analyzing the scattering and emissivity of 
microwave signals from different surface characteristics. 
Furthermore, passive microwave remote sensing data 
are also used to retrieve other interrelated geophysical 
parameters, such as land surface temperature, soil mois-
ture, and vegetation (Christopher et al., 1990). Other 
advantages of passive microwave remote sensing in-
clude short data acquisition period and long-term geo-
physical record, both of which play an important role in 
monitoring climate change.  

Although passive microwave remote sensing tech-
nique has obvious superiority in most weather condi-
tions, it has low spatial resolution. Compared to the 
large number of spectral unmixing models, there are 
only a small number of unmixing models for microwave 
remote sensing data. These unmixing methods mainly 
use the deconvolve technique based on the antenna pat-
tern of microwave remote sensor (Farrar and Smith, 
1992). Moreover, these methods do not depend on the 
prior knowledge of surface types, but work at the ex-
pense of detection sensitivity. For example, Bellerby et 
al. (1998) obtained land and sea brightness temperature 
only from mixed pixels in Special Sensor Micro-
wave/Imager (SSM/I) data, without consideration of 
surface type classification results.  

In order to improve spatial resolution of microwave 
remote sensing data, based on Bellerby′s algorithm, an 
Advanced Microwave Scanning Radiometer-Earth Ob-
serving System (AMSR-E) data unmixing method was 
proposed to monitor flood and waterlogging disaster in 
this paper. By utilizing the surface type classification 
results with high spatial resolution, and by combining a 
mathematical unmixing model of passive microwave 

data, the component brightness temperature and corre-
sponding spatial positions were computed. Through 
analyzing the AMSR-E unmixed data from the flood and 
waterlogging disaster of Yongji County, Jilin Province, 
Northeast China in 2010, the effectiveness of the 
AMSR-E data unmixing method was assessed.  

 

2  Study Area and Data 
 
2.1  Study area 
Yongji County is located in Jilin Province, Northeast 
China (Fig. 1), lying in the transitional zone from the 
Songnen Plain to the Changbai Mountains. The county 
covers an area of approximately 2629 km2. It has a 
typical warm continental monsoon climate. The mean 

annual temperature is 4.9℃ and the mean annual pre-

cipitation is 696.6 mm. Water area and forest land area 
cover 4.9% and 48.3% of the total land area, respec-
tively (Zhang et al., 2006). Yongji County suffered from 
a rarely severe flood disaster on July 28, 2010. Kouqian 
town, the administrative center of the county, has ex-
perienced a largest flood occurring once every 1600 
years, with 12-hour precipitation up to more than 290 
mm.  

 

 
 

Fig. 1  Location of Yongji County in Jilin Province, China 

 
2.2  Data 
2.2.1  MODIS data  
In this research, MOD09A1 products were selected from 
Land Process Distributed Active Archive Center 
(LPDAAC). MOD09A1 data provided an estimate of 
the surface spectral reflectance and its spatial resolution 
is 500 m. In the 8-day product, each surface reflectance 
pixel contained the best observation results with high 
observation coverage, low view angle, the absence of 
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clouds or cloud shadow and aerosol loading. According 
to the geographical location of Yongji County, the 8-day 
MOD09A1 products with acquisition dates from July 13 
to July 20, from July 21 to July 28 and from July 29 to 
August 5, 2010 were selected, which were in accordance 
with the dates before, during and after the flood disaster. 
Moreover, the seven bands of MOD09A1 were proc-
essed using the MODIS reprojection tool (MRT). Re-
sampling type was the nearest neighbor, projection type 
was geographic, and selected datum was WGS-84. After 
processing, the spatial resolution of each grid pixel was 
0.0025° × 0.0025°. Similarly, two bands of MOD09Q1 
data in the same periods were processed. The composi-
tive MODIS color images are shown in Fig. 2, they rep-
resent the images before, during and after the flood dis-
aster. 

As shown in Fig. 2b, Yongji County almost covered 
with heavy clouds during the flood in 2010. Because of 
cloud interference, the ground information could not be 
detected in the cloudy weather. Under this condition, 
spectral remote sensing technique was not suitable for 
monitoring ground information. From Fig. 2c, it can be 
seen that the ground information of Yongji County was 
clearly seen because there were less cloud interference 
after the disaster. The green regions denote vegetation 
coverage areas, while the yellow regions represent 
flooded areas. 
2.2.2  AMSR-E data  
AMSR-E is a twelve-channel, six-frequency, passive-  
microwave radiometer system. This system measures 
polarized brightness temperature horizontally and verti-
cally at 6.9 GHz, 10.7 GHz, 18.7 GHz, 23.8 GHz, 36.5 
GHz and 89.0 GHz. Spatial resolutions of the individual 
measurements varied from 5.4 km at 89.0 GHz to 56.0 

km at 6.9 GHz (Kawanishi et al., 2003). The brightness 
temperature data derived from AMSR-E L2A product 
were first selected. The data acquisition dates of 
AMSR-E were every two days from July 20 to August 9, 
2010 with descending orbit global data. The spatial 
resolution of AMSR-E data was 25 km and was interpo-
lated into regular grids of 0.25° × 0.25° using EASE- 
GRID projection. Considering the sensitivity of low- 
frequency microwave emission to surface information, 
the 10.7 GHz horizontal polarization data of AMSR-E 
were selected as test data. From Fig. 3, it can be seen 
that the AMSR-E pixel amount of Yongji County is less 
than 20 because of its low spatial resolution. 

The corresponding AMSR-E data of Yongji County in 
every two days are shown in Fig. 4. It can be seen that 
the AMSR-E brightness temperature data on July 28, 
2010 were the lowest, which was in accordance with the 
date of practical rainstorm in Yongji County. Passive 
microwave remote sensing data may be able to effec-
tively monitor ground information changes as compared 
to data from spectral remote sensing in cloudy or rainy 
weather, thus, AMSR-E data can be used to realize 
real-time monitoring for the study area, and the bright-
ness temperature data derived from a long period of ob-
servation can be used to establish the brightness tem-
perature database. Through the comparison between 
practical data and history data, unusual ground situation 
can be warned in advance. 
 

3  AMSR-E Data Unmixing Method  
 
3.1  Background 
The AMSR-E sensor provides measurements of terres-
trial, oceanic, and atmospheric parameters for the inves- 

 

 
White line represents the boundary of Yongji County 

 

Fig. 2  MODIS color images of Yongji County before (a), during (b) and after (c) flood disaster 
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Fig. 3  Distribution of observation points in Yongji County 
 

tigation of global water and energy cycles, including 
precipitation rate, sea surface temperature, sea ice con-
centration, snow water equivalent, soil moisture, surface 
wetness, wind speed, atmospheric cloud water, water 
vapor, etc. AMSR-E data have been widely applied in 
microwave remote sensing field. The spatial resolution 
of AMSR-E data is approximately 25 km. As a result, 
the brightness temperature value of each AMSR-E pixel 
represents the mixed brightness temperature of a large 
region. In order to obtain high-precision retrieval result, 
the brightness temperature of each component should be 
computed (Xu et al., 2000; Song and Zhao, 2004). Bel-
lerby et al. (1998) obtained land and sea brightness 
temperatures from mixed coastal pixels in SSM/I data. 
The designed model assumes that land and sea have an 
independent, but similarly uniform component bright-
ness temperature in neighbor nine pixels. Although the 

Bellerby′s algorithm controlled the selection of nine 
mixed pixels, the main error was caused by assuming 
that land and sea brightness temperature were uniform 
over a nine-pixel area. Furthermore, the method only 
separated land and sea component brightness tempera-
ture from the mixed coastal region and did not realize 
the separation of water and land in inland region. Based 
on the theory of Bellerby, a new passive microwave 
unmixing model utilizing surface type classification 
with high spatial resolution is proposed in this study. 
 
3.2  Surface type classification 
Surface type classification results should be obtained in 
advance for the proposed unmixing method. Because the 
geophysical parameter of land is relatively stable, land 
surface type can be accurately classified at a certain spa-
tial scale and in a certain time period. As a result, the 
surface type of observation area can be classified well 
by using the land resources utilization results combined 
with the surveyed results in a certain time period. For 
the study area were abundant in water and vegetation 
resources, the surface types were classified into water 
and vegetation types in this study. MODIS products 
with middle spatial resolution were used to obtain the 
surface classification results. Here, normalized differ-
ence vegetation index (NDVI) and combined index of 
NDVI and near-infrared for water body identification 
(CIWI) were used to identify water and vegetation. 

(1) NDVI: Vegetation index has high absorption in 

 

 
 

Fig. 4  AMSR-E brightness temperature data in Yongji County  
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visible red light (Red) and strong reflectance in near- 
infrared light (NIR). NDVI is described as Equation (1) 
(Alecu et al., 2005; Ding et al., 2007): 

NDVI = (NIR – Red) / (NIR + Red) 
= (B2 – B1) / (B2 – B1)        (1) 

where B1 is the first band of MODIS representing the 
visible red band; B2 is the second band of MODIS rep-
resenting the near-infrared band. If NDVI is less than 
zero, surface type is defined as water type; if NDVI is 
greater than zero, surface type is defined as vegetation 
type. 

(2) CIWI: According to the band characteristics of 
MODIS data, researchers proposed CIWI through ana-
lyzing the spectrum and image of water body (Mo et al., 
2007; Liao and Liu, 2008; Song et al., 2008). CIWI is 
described as Equation (2): 

CIWI = NDVI + B7 / 7B + C      (2) 

where B7 represents the seventh band information of 

MODIS data; 7B denotes the average value of the sev-

enth band information; C is a constant value. If CIWI is 
less than zero, surface type is defined as water type, 
otherwise defined as vegetation type. 

Because the MODIS 8-day composite image from 
July 21 to July 28 was almost covered by clouds, the 
MODIS 8-day images before July 21 and that after July 
28 were processed respectively to obtain the surface 
type classification results before and after the flood dis-
aster. Water remote sensing images can be obtained by 
using the classification results combined with original 
bands (Fig. 5). In Fig. 5c, white pixels represent original 
water areas and blue pixels represent the additional wa-
ter areas caused by the flood disaster. In general, water 
areas change less with the spatial variation and most 

with time variation. In the flood disaster period, water 
areas changed to a great extent and satisfied a special 
rule. The most increased water areas resulted from the 
expansion of the original water areas, and the remaining 
increased water areas were related to the low topogra-
phy of flooded region. 

Because AMSR-E data can effectively monitor ground 
information under most weather conditions, by combing 
AMSR-E data with the original water areas of Fig. 5c, 
the observation points 2, 3, 7, 15, 19 and 20 of Fig. 3 
were selected. As shown in Fig. 6, the AMSR-E data of 
the selected points can dynamically reflect the water 
changes during the observation period. Usually, the de-
creased brightness temperature value of AMSR-E data 
reflects the increased proportion of water. On the con-
trary, the increased brightness temperature value of 
AMSR-E data reflects the decreased proportion of water. 
Therefore, AMSR-E data can be used to estimate the 
change trend of surface type in a certain time period 
based on the existing surface classification results. 
 
3.3  Unmixing model 
Firstly, the surface classification data with high spatial 
resolution were matched with AMSR-E brightness tem-
perature with low spatial resolution by utilizing the 
geographical position information (Minghelli-Roman et 
al., 2006; Swarvanu and Qu, 2006; Zurita-Milla et al., 
2008; Gu et al., 2011). Given the pixel numbers of the 
two components (vegetation and water) in AMSR-E 
mixed pixel, the proportion of the two surface types 
were computed by equations (3) and (4): 

green
green 2

low high( / )

N
P

R R
           (3) 

 

 
 

Fig. 5  Water remote sensing images before (a) and after (b) flood disaster and water change trend image (c) in Yongji County 
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Fig. 6  AMSR-E data of the water observation points  
 

water green1P P                 (4) 

where Pgreen represents the vegetation component pro-
portion of AMSR-E mixed pixel; Ngreen denotes the 
number of vegetation component; Rhigh is the high spa-
tial resolution of the surface classification data; Rlow 
represents the low spatial resolution of AMSR-E mixed 
pixel; and Pwater is the water component proportion of 
the AMSR-E mixed pixel. Finally, the proportions and 
high spatial resolution positions of the two components 
were obtained.  

Furthermore, the m × n AMSR-E mixed pixels were 
selected as a sliding window and the proportions of the 
different surface types corresponding to each AMSR-E 
mixed pixel as component proportion matrices were 
recorded (Xu et al., 2001; Maaß and Kaleschke, 2010). 
These matrices contain the proportions of each of the 
two components that fall within one mixed AMSR-E 
pixel inside the m × n window. In general, water bright-
ness temperature maintains relative stabilization in the 
nearest regions. As a result, brightness temperature val-
ues of water component were assumed to be uniform in 
the sliding window. Furthermore, the passive microwave 
unmixing model was built as Equation (5): 

green green water wate( , ) ( , ) ( , ) ( , ) rTB i j P i j T i j P i j T   

(i = 1, 2…, m; j = 1, 2…, n)      (5) 

where TB(i, j) is AMSR-E mixed brightness temperature 
of m × n sliding window, known vectors; Pgreen(i, j) is 

vegetation component proportion of each mixed 
AMSR-E pixel located in m × n sliding window, known 
vector; Tgreen(i, j) is vegetation brightness temperature of 
each mixed AMSR-E pixel located in m × n sliding 
window, unknown vector; Pwater(i, j) is water component 
proportion of each mixed AMSR-E pixel located in m × 
n sliding window, known vector; and Twater is water 
brightness temperature of each mixed AMSR-E pixel 
located in m × n sliding window, unknown vector. 

If Pwater = 1 or Pgreen = 1 for all AMSR-E mixed pixels 
located in the m × n sliding window, then the AMSR-E 
pixels were regarded as pure pixels and were not un-
mixed. 

As shown in the proposed passive microwave unmix-
ing model, there are m × n + 1 unknown vectors (Tgreen(i, 
j), Twater) for m × n equations. This is a linear system of 
equations that has fewer equations than variables, 
known as an underdetermined system of equations. The 
system may have infinite solutions, thus determining the 
optimal solution is the key problem in the proposed 
model.  

Here, a method that can search for the optimal solu-
tion in entire solutions was presented. In order to deter-
mine the initial brightness temperature range, k-mean 
clustering was used to classify all AMSR-E mixed pix-
els. The two centroids of the k-mean clustering results 
denote the brightness temperature statistics of the two 
components, recorded as Cgreen and Cwater. At the same 
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time, the average, maximum, minimum, standard devia-
tion, and component proportions in the m × n sliding 
window were computed. Furthermore, the change 
threshold of vegetation brightness temperature (Lgreen) 
was obtained based on each component proportion. 
Moreover, the initial selection range of Tgreen was deter-
mined as [Cgreen – Lgreen, Cgreen + Lgreen]. Similarly, the 
change threshold of water brightness temperature Lwater 
and its initial selection range [Cwater – Lwater, Cwater + Lwater] 
were obtained. Moreover, water brightness temperature 
should be lower than vegetation brightness temperature, 
therefore, it should satisfy (Cwater + Lwater) < (Cgreen – 

Lgreen). 
In addition, an accuracy measure was also designed to 

evaluate optimal solution as follows:  

green green
1 1

2
water water

( ( , ) ( , ) ( , )

( , ) )

m n

i j

R TB i j P i j T i j

P i j T 

 

  





   

   (6) 

where R is the objective function; and ξ is the given er-
ror and its value determines the solution precision. 

The optimal solution should also satisfy the following 
equation: 

water green ( , )T T i j   (i = 1, 2…, m; j = 1, 2…, n)  (7) 

The initial component values were chosen and used to 
substitute Equation (5) under the union constraint of 
equations (6) and (7). The optimal solution was obtained 
by using the least square method and iterative computa-
tion. The relationship between mixed pixel and the two 
components was taken into account when determing 
initial brightness temperature ranges. Moreover, there 
were several conditions that constrain the solution range 

of the equations. Thus, the proposed unmixing model 
may be able to obtain a better solution through the itera-
tive process and by solving the underdetermined system 
of equations. 
 

4  Experimental Results  
 
The surface type classification data after the flood dis-
aster with different spatial resolution, i.e. 5 km, 1 km, 
500 m and 250 m, were used to unmix AMSR-E data of 
Yongji County. The results of mixed and unmixed im-
ages and data histograms with the acquisition date of 
July 30, 2010 are shown in Fig. 7 and Fig. 8. From Fig. 
7 and Fig. 8, it can be seen that the spatial resolution of 
the AMSR-E data of Yongji County get prominently 
improve by the proposed unmixing method. The lower 
brightness temperature of AMSR-E unmixed data 
represents the greater water proportion.  

By comparison Fig. 8g and Fig. 2c, the flood disaster 
area distribution of the spectral image and that of the 
microwave unmixed image are basically consistent. The 
disaster area of flood and waterlogging based on 
AMSR-E unmixed data was approximately 56 400 ha. 
According to the official publication information, the 
disaster area was 56 000 ha in Yongji County on July 30, 
2010. The experimental results demonstrate that the 
AMSR-E unmixed data can effectively evaluate the 
flood disaster.  

 

5  Discussion and Conclusions 
 
Compared with Bellerby′s algorithm, the proposed un-
mixing method can obtain the component brightness  

 

 
 

Fig. 7  AMSR-E mixed data 
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Fig. 8  AMSR-E unmixed data based on classification data with different spatial resolution  
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temperature and corresponding spatial position distribu-
tion. Furthermore, Bellerby assumed that the brightness 
temperature values of the two components were full 
uniform in neighbor nine pixels, while the proposed 
method only assumed that water brightness temperature 
value was uniform in neighbor pixel. Therefore, the data 
precision using the proposed method is better than that 
using Bellerby′s algorithm. The proposed method can 
separate water and vegetation brightness temperature 
from inland area, and can separate land and sea bright-
ness temperature from mixed coastal pixels. However, 
the surface classification results with high spatial reso-
lution should be obtained before using the proposed 
method. 

In this paper, the surface classification results were 
obtained based on MODIS image data. Because the to-
pography and physiognomy of the observation area are 
relatively stable in a certain time and spatial scales, 
through researching the long-term statistic results of the 
observation area, the change trend of surface type could 
be predicted based on AMSR-E data with 25 km spatial 
resolution. Furthermore, the dynamic change model 
between the microwave data and surface classification 
results should be established. If the predicted results of 
surface type classification are applied to the passive mi-
crowave unmixing model, the influence of surface type 
classification result on unmixing accuracy will be re-
duced. These researches would be done in the future. 

The proposed unmixing method can effectively im-
prove the spatial resolution of passive microwave re-
mote sensing data, meanwhile, remain monitoring ad-
vantages of microwave technique. The microwave un-
mixed data with high spatial resolution can monitor the 
observation area well in a long period, which solves the 
monitoring effectiveless problems of spectral remote 
sensing data caused by clouds interferences. The moni-
toring method using the integrated advantages of spec-
tral and microwave remote sensing have wide applica-
tion prospects and potentials in monitoring flood and 
waterlogging disaster. 
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