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Abstract. Low spatial resolution remote sensing (RS) data 
(LSRD) are promising in agricultural monitoring activities due 
to their high temporal resolution, but under such a spatial 
resolution, mixing in a pixel is a common problem.  In this 
study, a numerical experiment was conducted to exp lore a 
mixed pixel problem in agriculture using a combined RS-
simulation model SWAP (Soil-Water-Atmosphere -Plant) and a 
Genetic Algorithm (GA) approach. Results of the experiments 
showed that it is highly possible to address the mixed pixel 
problem with LSRD.   
Keywords. data assimilation, remote sensing, genetic 
algorithms  
 

1. Introduction 
 

Food security studies at the regional scale require a 
large amount of spatial and temporal information.  RS 
and GIS have been used in the past to account for these 
spatial data requirements e.g. [1][2]. However, temporal 
integration, which is considered important in such 
studies, is difficult to achieve with high spatial resolution 
RS data (HSRD) e.g. Landsat.  Lower spatial resolution 
RS data (LSRD) e.g. NOAA, MODIS, SPOT-VI are 
therefore a promising alternative.  Aside from their wider 
area of swath, greater number of temporal data could be 
possible because of their high frequency of data 
acquisition.   

A tradeoff in using LSRD is the question of how to 
extract sub-pixe l information needed for further  analysis 
e.g. in modeling crop growth at the regional level, unlike 
with HSRD, distinction among agricultural activities at 
the pixel level is almost impossible.   

These sub-pixel information with LSRD is of high 
importance in food security studies at the regional scale.  
Sub-pixel information such as water management 
practices could include: when the farmers irrigated their 
crops, how much they irrigate, their irrigation scheduling 
criteria, frequency of irrigation etc., and agricultural 
practices may include: what crops they have planted, 
sowing dates and their distribution in the cropping 
season, etc.  These data are needed for better monitoring 
of agricultural activities and for more accurate 
predictions of crop yields in a given time.  Coupled with 

the high temporal information from LSRD, near-real 
time monitoring of agricultural activities in a regional 
scale can be improved significantly. 

 The objective of this paper is to present a 
methodology to quantify agricultural practices at the 
sub-pixel level using a combined RS-agro-hydrological 
modeling and Genetic Algorithm (GA) approach.   
 
2. Methodology 
 
Simulation model 
 

A physically based simulation model SWAP [3] was 
used to simulate the processes in the soil-water-
atmosphere-plant system.  SWAP solves the Richards’ 
equation to determine the soil water dynamics in the soil 
profile.  It also considers the fate and transport of solutes 
in the soil.  SWAP is equipped with crop models and 
water management modules where the growth and 
development of a crop can be simulated under different 
climatic and environmental conditions.  In general, it is 
robust in simulating the processes in the soil-water-
atmosphere-plant system.  See [3] for more details.   
 
Genetic Algorithms 
 

Genetic Algorithms (GAs) are mathematical models 
of natural genetics where the  processes of nature has 
been abstracted for search and optimization problems [4].  
In practical applications, the unknown variables are 
coded as genes to form a string of variables  called 
chromosome, which is a possible combination of 
parameters and a possible solution to the problem. First, 
these chromosomes are initially generated, then 
evaluated based on a fitness function. After this, they 
undergo through the process of reproduction.  In this 
process, they have to compete and find their fate in time 
through the process of selection.  The fitter wins, the 
weaker dies.  The winners are then selected to participate 
in reproducing offspring for the next generation.  These 
selected chromosomes will randomly unite and exchange 
genetic information, through the process of crossover to 
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produce offspring.  The new set of chromosomes are also 
subjected to mutation to randomly infuse new genetic 
materials to restore some which are loss along the 
process.  The process of crossover and mutation are 
controlled by the probabilities of crossover and mutation.  
Then, the process of selection, crossover and mutation 
are repeated for many generations to come up with the 
solution of the problem.  In this study, GA was used to 
unmix the mixed pixel problem in agriculture by 
estimating the unmixing variables as will be discussed in 
the next section. 
 
Typical mixing problem in agriculture 
 
 The data in an LSRD pixel could be mixed.  A time 
series of this data can describe better the behavior of the 
features embedded in that large pixel.  For example, in 
agricultural areas, we can monitor a time series of mixed 
evapotranspiration (ET).  This ET, in this particular pixel 
could be coming from different land uses such as rainfed 
and irrigated areas, where the latter could composed of 
2-croppings and 3-croppings in a year (Eq. 1).  The 
unmixing variables then in this problem are the sowing 
dates of rainfed (sd1), irrigated with 2-croppings(sd2, sd3), 
irrigated with  3-croppings (sd4, sd5, sd6) and the area 
fractions of rainfed and irrigated with 2- and 3-croppings, 
a1, a2 and a3, respectively (Eq. 2). Where j is an index for 
sowing dates, i an index for area fractions, p means pixel,  
m is the total unmber of land uses (m=3), t an index for 
time, and k is a vector of unmixing variables.  Sowing 
dates are all in Day of Year (DOY). 
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Unmixing model 
  

Considering one pixel, the unmixing algorithm can be 
formulated then as follows: 
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where ET with hut is the mixed data from remote 
sensing which should be compared with the mixed signa- 

 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1.  Generated data for the numerical experiments.   
 
ture produced by SWAP using the proposed solution of 
GA; bmin and bmax define the range of the search space 
for every sowing date and n is the total number of data 
used in the solution.  This unmixing model is 
implemented using generated RS data as discussed 
below. 
 
Numerical data 

 
First, a numerical data was generated for a 

hypothetical pixel comprising three agricultural land 
classes: (i) rainfed area (ii) irrigated area with two 
croppings and (iii) irrigated area with three croppings in 
a year (Fig 1). These classes were individually simulated 
by SWAP then the results were mixed using their 
corresponding area fractions in the pixel to arrive at the 
mixed signature of the pixel in a year.   

In this study, two biophysical data were used, 
evapotranspiration (ET) and Leaf Area Index (LAI) as 
they can be derived from remote sensing data.  

Then, GA was used to estimate back the agricultural 
practices based on the temporal mixed signal (i.e. ET or 
LAI) of the pixel by solving Eqs. 3-7.  The area fractions 
of each agricultural class and their corresponding sowing 
dates: one, for rainfed; two dates for irrigated with two 
croppings and three, for irrigated with three croppings, 
were coded as a chromosome in the GA. In the 
implementation, two major cases were analyzed, 
considering (i) a dataset without noise and (ii) data with 
noise, both ET and LAI.  Likewise, appropriate sampling 
scheme was also evaluated where the mixed data were 
aggregated every 10 days (e.g. ET10d) and a moving 
average of every 10 days (e.g. ET10dave).    

 
3. Results and Discussions  

 
Table 1 shows the solutions of GA to the mixed-pixel 

problem.   It is clear that GA is able search for the near-
optimum solution of the problem using either ET or LAI 
and either with aggregated 10-day data or with 10-day 
moving average data.  However, it is also apparent that 
there are solutions that are stuck to some insensitive 
regions in the search surface such as that when using 
LAI10dave.  This has something to do on the sampling 
scheme that should be used in collecting data for the 



mixed pixel problem and the type of bio-physical 
variables that should be used in data assimilation.  

The population sizes used for ET10d and ET10dave cases 
are 10 and 5 respectively;  probability of crossover is 
0.5; probability of mutation (creep) is also 0.5; seed is -
1000; number of generation is 150.  For LAI, the 
population size used is  5 in both cases; genetic 
parameters are the same as ET.  The good solutions were 
achieved after 1.8 hours with Pentium 4, 1.8 GHz. 

In reality, RS data are corrupted with errors, hence 
simulating a situation like this is worth noting.  Using 
data with a 10% random noise, GA was still able to 
produce results that are near the base values.  An average 
error of 0.28 and 0.29 mm d -1 were achieved using ET10d 
and ET10dave, respectively. The parameter values are 
relatively near the base values regardless of the added 
noise. See [5] for more details. 

The results of the numerical experiments show that it 
is highly possible  to solve a typical mixed pixel problem 
in agriculture using the proposed approach. Note, 
however, that this present approach (a dynamic linkage 
approach) requires a lot of computing power and might 
not be practical in analysing a regional data unless it is 
implemented in cluster computers.  A more practical 
approach such as using Look Up tables [6] is needed.   
 

4. Conclusion 
 

A methodology that can possibly solve mixed pixel 
problem with LSRD in their agricultural applications is 
presented in this paper. It is shown that using a 
combined RS-agrohydrological modeling and Genetic 
Algorithms approach, it is possible to simulate a mixed 
pixel problem in agriculture. Consequently, this 
approach can also unmix such a mixed pixel problem.   

In this paper, the unmixing model was implemented 
using simulated RS data.  If was found that GA was  
 
 
 
 
 
 
 
 
 
 
 
 
 
   
 
 
 
 
 
 
 

powerful to unmix the mixed signature in an agricultural 
area. The methodology, however, needs still to be 
improved for practical application in the field.   
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Table 1. Solution of GA to the mixed pixel problem. 

 

 Un-mixing Parameters  
RS variables sd1 sd2 sd3 sd4 sd5 sd6 a1 a2 a3 Error 
ET           
  ET10d 139 32 186 1 121 248 0.15 0.50 0.35 0.01 
  ET10dave 138 32 186 1 121 248 0.16 0.50 0.34 0.03 
LAI           
  LAI10d 140 32 186 2 121 246 0.16 0.50 0.34 0.03 
  LAI10dave 120 31 186 1 129 249 0.12 0.52 0.36 0.08 
Base values 141 32 186 1 121 248 0.15 0.50 0.35 - 
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