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Figure 12. Average annual deforestation on peat and non peat soils in Riau’s mainland 1982 to 2007 (WWF 

Report).  

 

Future outlooks – scenario modeling 

Future scenarios based on existing data (statistics, land cover maps, land cover change maps, and so 
on) can be modeled assuming different disturbances ranging from complex climate change impacts, 
political regimes, or forest management strategies. to the simple assumptions like the construction of 
new roads. A rough overview of this modeling approach is shown in Figure 14. A classification of  
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remote sensing data might be compared with GIS data and processed within a land cover model to 
derive change; once the driving forces are assessed, their impacts on the land cover are analyzed, and 
subsequently changed for a new scenario model run using GIS techniques. The driving forces might be 
seen as complex networks of socioeconomic, political-institutional and biophysical parameters (Judex, 
2008).  

 
Figure 13. Objects and attributes analyzed in the GIS (Voivontas et al., 2001) 

 

In another example, the WWF project Deforestation, Forest Degradation, Biodiversity Loss and CO2 
Emissions in Riau, Sumarta, two different scenarios for the prediction of deforestation between 2007 
and 2015 were analyzed. The first scenario assumed business as usual with the same annual 
deforestation rate of a previous year. The deforestation rates (183,859 ha/year for peatland forest and 
102,287 ha/year for non peatland forest) were retrieved from land cover change analysis of remotely 
sensed images. The second scenario assumed the full implementation of the Riau Land Use Plan 2015, 
containing different land use categories. 
 
Under the “Business as Usual” Scenario (1), peatland forest would continue to disappear until 2014, 
resulting in a 84.4% loss of 2007 peatland forest and reducing mainland peatland forest cover to 3%. 
Under the “Land Use Plan” Scenario (2), peatland forest would disappear at a relatively slower pace 
producing a loss of 56.3% of 2007 peatland forest, but more than doubling mainland peatland forest 
cover at 7% (Figure 15). 
 
Under Scenario (1), non peatland forest would continue to disappear until 2013, producing a 70.6% 
loss of 2007 non peatland forest; mainland non peatland forest cover would be reduced to 3%. Under 
Scenario (2), non peatland forest would disappear at a relatively slower pace, and by 2015, a 24.8% 
loss of 2007 non peatland forest exist, but mainland non peatland forest cover would increase 8% 
(Figure 15). 
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Figure 14. Scenario modeling (adapted from Judex, 2008). 

 

3.2.4. Crop Growth modeling 

The field of crop-growth modeling has grown in parallel with computational advances, yet over the 
last 15 years a virtual plethora of models have been released, many more recently relying on relatively 
low resolution remotely sensed data . The intent of many of these models was to imitate and maximize 
field-scale production, and occasionally at a regional scale in some sort of distributed method. 
Extending crop modeling beyond the field requires data on the natural world that traditionally came 
from point locations, and then extrapolation of those sparely populated points to a wider area often led 
to an inaccurate description of the ecosystem. Modeling, especially at the regional scale, has relied 
upon largely aggregated statistics that poorly imitate the natural world, its complexity, and 
particularly, its spatiality. Vegetation indices, temperature, solar radiation, precipitation, and other 
biophysical variables (some of which have already been described in this report) are widely sourced 
today from remotely sensed data, but all of these come with their various caveats, many of which stem 
from limitations of the satellite-based sensors themselves. As discussed earlier, optical sensors have 
limited usefulness on cloudy days, rely on clear viewing of the ground below, and are often 
contaminated with the effects of water vapor. As well, broad spectrum sensors record more than 
necessarily desired, e.g. soil backscatter.  Strengths and weaknesses of the use of remotely sensed 
biophysical variables to improve agroecosystem models are adequately examined by Dorigo, et al. 
2007, in a review of those models; the authors point out that agroecosystem models, particularly at 
regional scales, often oversimplify natural components, and contain inaccurate parameterization, and 
thus inclusion of remotely sensed data sets can supplement the enhancement of management 
strategies, maximizing production, while minimizing environmental impact. 
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There are many types of crop growth models, many of which pertain to agricultural food crops that are 
not entirely relevant here; however, relevant overlaps do exist today between foods and energy 
production with respect to for example, corn, sugar beet, soybean, and rapeseed, used to produce 
ethanol and biodiesel.  
 
Specific models (crop growth, yield, and simulation) for use with these bioenergy-producing plants 
can be easily accessed with the Decision Support System for Agrotechnology Transfer (DSSAT), a 
software package integrating the effects of soil, crop phenotype, weather and management options that 
allows users to ask "what if" questions and simulate results by conducting, in minutes on a computer. 
The user can then simulate multi-year outcomes of crop management strategies for different crops, and 
validate crop model outputs; thus allowing users to compare simulated outcomes with observed 
results. DSSAT8 includes applications for seasonal and sequence analyses that assess economic risks 
and environmental impacts associated with irrigation, fertilizer and nutrient management, climate 
change, soil carbon sequestration, climate variability and precision management. Pavel and Siska, 
2007, discuss the current version of DSSAT in an article discussing parameterization for corn in 
Slovakia.  
 
A limitation of most crop-growth models is that they were derived for field scale use, and their 
parameterization looks for inputs at a similar resolution. Working at the regional level has a wholly 
different of complexity and inherent uncertainties.  
 
Region-wide modeling of existing and future yield of such European crops is underway through the 
MARS (Monitoring Agriculture through Remote Sensing techniques)9 project that has provided 
technical support and expertise to the European Commission’s Directorate General for Agriculture 
(DG VI) for more than ten years. The MARS project is part of the Institute for the Protection and 
Security of the Citizen of the Joint Research Center (JRC) of the European Commission in Ispra 
(Italy).  
 
One of the major achievements of MARS was the Crop Growth Monitoring System (CGMS). The 
CGMS has been used on a continuous basis since the 1990s to predict harvests and productions of the 
main crops in the EU member states (Eerens, et al., 2000). The yield estimates of CGMS are the result 
of output of three sources: a spatial agro meteorological model, a trend function, and NOAA AVHRR 
data. Radha Krishna Murthy, 2004, reviewed soybean crop growth models, and noted they were very 
effective tools for predicting possible impacts of climatic change on crop growth and yield, and 
solving various practical problems in agriculture. 
 
Many types of calculated indices (VIs) and observed data (biophysical parameters) are mapped and 
available regionally via a web-based map interface or nationally using graphed mean statistics. Among 
the predicted layers produced by this group are potential above ground biomass, potential LAI, and 
potential storage organs, potential evapotranspiration, forecasted yield, and historical probability. 
Dadhwal 2004 offered a succinct overview of the state of the art in using optical remote sensing 
sensors and GIS for crop growth monitoring and simulation, particularly dealing with LAI, for sugar 
beet, potatoes, and winter wheat in regions of India. Applications using remote sensing for crop 
growth modeling abound, including modeling evapotranspiration, water-stress, LAI, UV-B solar 
radiation, biomass, vegetation structure, crop yield, early-warning management alerts such as for 
pests, water quality, water and nutrient, and diseases.  
 
Recently, Atzberger et al. 2008, reported on a combination of crop growth modeling, combining the 
GRAMI crop growth and SPECAN canopy reflectance models with SPOT data for estimating biomass 
accumulation in winter wheat in the Camargue region of France; their approach produced acceptable  

                                                 
8 http://www.icasa.net/dssat/ 
9 http://www.marsop.info/ 
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biomass and LAI estimates without requiring a priori knowledge of sowing dates and was driven 
solely by weather data derived from existing meteorological networks. 
 
Still, what may seem an advantage because the remotely sensed data offer the ability to see a whole 
region, often remains a disadvantage because the models and their parameterization come from field 
level experience, yet many different crops often grow within a single MODIS, SPOT, or AVHRR 
pixel (Dorigo et al., 2007). One way to overcome this problem is to use remotely-sensed data of a 
higher resolution; but this option is not without its problems as well, as the problem of data 
accessibility and needing multiple images occurs immediately. As any practitioner of remote sensing 
will attest, each satellite image is largely made up of its own statistical distribution, thus the process of 
working with multiple images at high resolution significantly increases the complexity, computational, 
temporal, and thus economic expenses of working at a regional level. 
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4. Conclusion  
 
Like other monitoring methods, remote sensing methods have advantages and limitations. The overall 
advantage of the technique is the large amount of uniform data, providing large spatial coverage, 
collected from distance for less expense than field-based mapping. 
Constraints are the technical limits on feature discrimination, the costs, the required high level of 
technical expertise and the need for information to calibrate and verify the results (Tuner et al., 2003). 
 
The technical limits of remote sensing technology are that, except for LIDAR and SAR sensors, only 
features that can be viewed from above can be monitored. All others have to be inferred rather than 
directly observed. For classification purposes, the individual features of a class must be large in 
respect to the spatial resolution of the sensor and must have a sufficiently unique spectral signature to 
be separated from other types of features. Other problems are atmospheric phenomena, mechanical 
problems regarding the sensor, and other effects can distort the data/results, even so there are 
algorithms and models for correction. 
 
The use of remote sensing in combination with field surveys is probably the most cost-effective 
solution to monitor large areas in regular intervals. According to Mumby et al. (1999) (1) the set-up 
costs, (2) field survey costs, (3) image acquisition costs and (4) the time spend on analysis of field data 
and processing imagery, have to be considered. The largest one of the listed costs is the set-up costs, 
including the acquisition of hard- and software, comprising 50-80%. Increasing computational power 
is however driving down the costs of associated hard- and software. Second largest amount cost to be 
considered are the field survey costs, with up to 25% of the total budget. Field survey is normally an 
important component and sometimes may constitute approximately 70% of the time spent on a project. 
But the more time and effort spent on field surveying and ground-truth work, the higher the accuracy 
of the resulting product (CBD, 2007). The third cost point is the data itself. For image selection trade-
offs between map accuracy and costs have to be made, also considering the size of the study area and 
the choice of the sensor. Finally the data have to be processed and analyzed, which can cost more in 
salaries than the imagery or the hardware. 
 
One other constrain is the technical expertise required for data handling and interpretation. The 
management even of a small amount of satellite imageries and GIS information requires specialized 
software, hardware and training. Furthermore, some remote sensing platforms, e.g. hyperspectral, lidar 
and radar, are largely or exclusively in the research phase of development and may not be used 
commonly for some years (CBD, 2007). 
 

4.1. Limitation of remotely sensed data and potential 
A sound understanding of the limits and potentials of the various remotes sensing systems is essential 
for selecting suitable sensors for the respective tasks/questions. Aspects which also have to be taken 
into account are: 
 
Atmosphere 
Atmospheric interactions (e.g. clouds, haze, and dust) especially influence the quality of multispectral 
data. The radiometric and atmospheric correction is an important but difficult task due to rather 
complex atmospheric conditions in time and space. There is a huge variety of atmospheric correction 
methods ranging from simple relative calibration and dark target subtraction to complex model-based 
calibration approaches (e.g. Richter, 1997; Canty et al., 2004). 
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Terrain effects 
In rugged or mountainous regions, slope and aspect resulting from the specific topography can 
considerably influence the vegetation reflectance resulting in a falsified relationship between e.g. the 
biomass and the signal. For the removal of these topographic effects many approaches have been 
developed starting with simple methods, e.g. band ratio (Holben and Justice, 1981) to rather complex 
methods such as Minnaert, statistical-empirical and atmospheric and topographic correction (ATCOR) 
(Richter, 1997). 
 
The impact of rough terrain on the analysis of SAR data will be discussed in detail in deliverable 
“D2.2 Study on SAR potential for direct biomass assessment” due in project month 14. 
 
Limitation in spatial, spectral, radiometric and temporal resolution 
Considering the limitations in spatial, spectral, radiometric and temporal resolution is also an 
important feature in regard of biomass assessment. For example, a Landsat TM image with 30m 
spatial resolution contains mixed pixels with e.g. streets, different tree species and so on. The coarse 
spectral resolution from e.g. Landsat (six bands from the visible over the near-infrared to the short-
wave infrared, plus an additional thermal one) limits the differentiation of subtle differences among 
forest sites. The coarse radiometric resolution (e.g. Landsat has 8bit) encourages the digital number 
value saturation even if the biomass varies in different sites (Lu, 2006). The temporal resolution of a 
satellite (e.g. Landsat has a repetition rate of 16 days) also limits the possibilities of remote sensing 
analysis, especially in areas with frequent cloud coverage as in the middle latitudes and thus can 
hamper multi-temporal analysis or monitoring tasks. 

4.2. Limitations of EO use in biomass assessment for energy use 
In regard to the actual modeling and retrieval of biomass some other features should be taken into 
account: 
 
Direct Methods 
Ground truth and auxiliary information 
For sophisticated biomass modeling a high accuracy of all data sources is prerequisite. Generally the 
methods used for the biomass assessment can generate major uncertainties due to originally different 
purposes of the field measurements, inconsistency of data collection dates and complex species 
composition. Overall the accuracy of the measurements and the range of conditions considered for the 
development of the range of conditions considered for the development of a relationship determine to 
a great extent the validity and transferability of the relationships (Sims and Gamon, 2002). Also 
important is to ensure that the remotely sensed data, auxiliary data and the sample plots are very 
accurately registered (geometrically corrected) otherwise it could result in spurious relationships. 
 
Suitable variables 
Many remote sensing variables, from the original spectral signal to vegetation indices, transformed 
images or image textures can become potential input variables for biomass assessment.  The selection 
of the right input variable is crucial because some might be weakly correlated with the biomass or 
feature a high correlation with each other. Methods for this kind of analysis are e.g. stepwise 
regression analysis, correlation analysis, neural network or feature selection (Lu, 2006).  
 
Modeling 
All different modeling algorithms have their own merits and requirements concerning the input 
parameters. These might concern the spatial resolution of the remotely sensed data, availability of 
biomass sample data or auxiliary data, scale and size of the study size, the software, the analyst`s skills 
and knowledge (Lu, 2006). 
Another problem in connection with the model is the transferability in time and space. It is often a 
major point of interest, but in reality it is very hard to directly transfer one calibrated model together 
with the specific coefficients to a different study site or another year, due to the limitation of the model  
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itself and the nature of remotely sensed data. In general models may be transferred to across-scene 
data if the biophysical environments are similar and to multi-temporal data of the same study area if 
they are correctly atmospherically corrected (Lu, 2006).  
Another point is that the remote sensing signal or vegetation index / textures are often dependent on 
the image spatial resolution and the environmental condition. 
Finally the correct validation and calibration of the estimated results are crucial for transferability of 
models. 
 
Indirect methods 
When working with indirect estimation methods the limits have to be seen in the image classification 
and its accuracy. Therefore an independent validation of the classification results is a crucial point. 
The errors within the classification are then propagated to the actual biomass estimation using some 
kind of statistics, which again feature a different error source. Often these statistics were generated for 
a totally different purpose, are not consistent and comparable.  
However, when these constraints are taken into account and are documented, indirect biomass 
measurement techniques are easier to be applied to national or even larger scale applications. 

4.3. Overall Conclusion 

Overall remote sensing techniques have many advantages for biomass estimation over traditional field 
based measurement methods, plus additionally allow estimations at different scales.  
One important issue is the users need and desires – in terms of accuracy, spatial resolution, 
information detail – which influence the design of the whole estimation procedure. High spatial-
resolution data (airborne, IKONOS, QuickBird) provide accurate biomass estimation at local scale; 
however the large data volume restrains its applicability for large regional applications. Medium 
resolution data (Landsat MSS, TM) possess a high potential for biomass retrieval at regional scale. 
Restrains when using these data type are mixed pixels and data saturation. Coarse spatial-resolution 
data (MODIS, AVHRR) provide estimates at national or global scale, but are difficult to link with 
point based field measurements.  
Remote sensing-based biomass estimation overall is a complex procedure, by which many features 
(atmospheric condition, mixed pixels, data saturation, complex biophysical environments, insufficient 
sample data or statistics, extracted remote sensing variables and the chosen algorithm interactively 
affect the biomass estimation performance. Therefore the identification on uncertainties and error 
sources during the whole estimation process is a crucial and important feature (Lu, 2006). 
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