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ABSTRACT 
 

The World Meteorological Organization (WMO) and Global Water Partnership (GWP) 
have launched an Integrated Drought Management Program (IDMP) to improve 
monitoring and prevention of droughts. In the frame of this project this study focuses 
on identification of agricultural drought characteristics and elaborates a monitoring 
method (with application of remote sensing data), which could result in early warning 
of droughts before irreversible yield loss and/or quality degradation occur. The spatial 
decision supporting system to be developed will help the farmers in reducing drought 
risk of the different regions by plant specific calibrated drought indexes. 
 
The study area was the Tisza River Basin in Central Europe within the Carpathian 
Basin. For the investigations, NDVI was calculated from 16-day moving average 
chlorophyll intensity and biomass quantity data. We statistically normalized the crop 
yield maps and the MODIS satellite data. Then the drought-induced crop yield loss 
values were classified. The crop yield loss data were validated against the regional 
meteorological drought index values (SPI), the water management and soil physical 
data. The objective was to determine the congruency between the spectral data and 
field measurements. As a result, five drought risk levels were developed to identify 
the effect of drought on yields: Watch, Early Warning, Warning, Alert and 
Catastrophe. In this study the impact of drought on wheat and maize price, concrete 
programming of a user friendly drought monitoring and yield loss mapping process 
and possible integration practices of drought monitoring and yield loss forecasting 
method were developed and assessed. The remote sensing based Agricultural 
Drought Monitoring and Yield Loss Forecasting Method can effectively indicate 
anomaly of droughts and yield losses and can identify the possible intervention areas. 
The methodology is also appropriate for early warning of droughts, since yield loss 
can be predicted 2 months before the irreversible yield loss and/or quality degradation 
realized in the case of wheat and maize. By plant specific calibrated yield loss maps 
the developed spatial decision supporting system gives precise information for 
farmers on drought risk of the different region. The results offer concrete identification 
of remote sensing and GIS data tools for agricultural drought monitoring and forecast, 
which eventually provides information on physical implementation of drought risk 
levels. 
 
Keywords: biomass monitoring, drought effects and risks, normalized difference 
vegetation index (NDVI), remote sensing, river basin. 

 
1. INTRODUCTION 
 
Recent severe and prolonged droughts have highlighted Central and Eastern 
Europe’s (especially the South-eastern parts of the region) vulnerability to this natural 
hazard and alerted the public, governments, and operational agencies to the many 
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socio-economic problems accompanying water shortage and to the need for drought 
mitigation measures therefore there is an urgent need to develop better drought 
monitoring and management systems (Kindler and Thalmeinerova, 2012). 
 
Among meteorological, hydrological and agricultural droughts, the last is the least 
quantifiable. Meteorological drought indices indicate the effect of mainly the 
temperature and precipitation on drought intensity. The hydrological drought entails 
extreme reduction of water resources, while agricultural drought indicates crop loss or 
vegetation water stress condition (Niemeyer, 2008). Despite the fact that there is a 
close quality connection among the harmful level of all three indicators, the numerical 
scale of the relationships among them is unclear. Thus, different areas or the same 
area with different forms of drought cannot be compared. For example, it cannot be 
stated from the evaluation of meteorological drought standardized precipitation index 
(SPI) (McKee et al., 1993) values of a river basin, how much maize will be lost during 
a given forecasting period. However, the expected rate of yield loss would be very 
important information for the planned intervention in terms of time and cost. The 
indexes of meteorological and hydrological drought parameters (temperature, 
precipitation, humidity etc.) are based on well-measured and evaluated parameters 
and widely tested statistical methods (Dai et al., 2004; Sivakumar et al., 2011, Choi et 
al., 2013). However, the agricultural drought is influenced by several complex factors, 
whose measurements are complicated, time and resource intensive and their impact 
is indirectly measurable or only at a later date.  
 
Nowadays remote sensing is one of the most important applications for measuring 
agricultural droughts and its effects. For example, multispectral remote sensing 
technology is widely used in agriculture and is appropriate for vegetation analysis 
(Polder & van der Heijden, 2001; Sabins, 1997). Vegetation has characteristic 
spectra, often showing characteristic absorption maxima or minima at particular 
wavelengths. Most vegetation indices are based on the sharp increase in reflectance 
from vegetation that occurs around 700 nm (the red-edge), a change that is 
characteristic of green vegetation and not found for most other natural surfaces that 
show relatively slow changes of reflectance with wavelength over this region (Jones 
and Vaughan, 2010). In particular, since 2002 new opportunities for better data for 
calculations can be gained from the MODIS Aqua and Terra satellites which provide 
free 36-band number, with 1 day repeating cycle and 250 to 500 m pixel size time 
series data sets (Tucker, 1985). For agricultural water management today, remote 
sensing time series analysis (RS- TSA) is one of most important ways to measure 
agricultural droughts and its effects (Tamás et al., 2009). Technologically, the broad 
application of remote sensing (RS) has few barriers, although the accumulated 
knowledge on RS is slowly being implemented into practice. While it is possible to 
continuously gather spectral physical data on plant water content, the direct 
interpretation of these data is not feasible practical for farmers. Using field or other 
meteorological reference data for calibration of remotely sensed spectral data, real 
plant water demand can be quickly and effectively mapped in both space and time on 
the surface (Ji and Peters, 2003). The available remote sensing spectral based 
agricultural drought indexing can effectively indicate spectral anomalies, namely the 
possible intervention areas. However, on one hand, farmers have no experience with 
practical application of this spectral anomaly information, and the other hand they do 
not know how to correlate with different species, and growing vegetation phases.  
 

2. METHODS 
 
2.1   The study site 

 
The study area was the lowland part of the Tisza River Basin, which is located in 
Central Europe within the Carpathian Basin. Hydrologically the Carpathian Basin is 
one of the most closed basins on Earth and the investigated lowland has semi-arid to 
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arid character. In this region there is intensive agricultural activity where the ratio of 
arable land is 72%.  
 
This drought monitoring system could result in appropriate early warning of droughts 
for wheat and maize before irreversible yield loss and/or quality degradation occur. 
These two crops are grown in the largest area in Tisza river basin. Wheat has 
evolved as a C3 plant because it naturally occurs in temperate regions of the Central 
and Eastern Europe, where the temperature is mild and C3 plants are less energy 
efficient at high temperatures. Maize as a C4 plant is more energy efficient and more 
droughts tolerant when high temperature occurs (Pethő, 2002). At the same time, C4 
plant is more affected when drought develops by the end of summer than the wheat, 
which is already harvested in August. 
 
2.2  The main steps of MODIS NDVI based Agricultural Drought Monitoring 

and Yield Loss Forecasting Method 
 
The aim of our study was to develop a model process, which could provide 
information for estimating the relevant drought indexes and crop losses more 
effectively. Our study focused on determination of drought effects on watersheds from 
remote sensed spectral data. The model process identifies those available and most 
appropriate remote sensing data and GIS transformation, calibration tools, with which 
remote sensing based agricultural drought monitoring and forecast can be 
implemented. These steps are synthesized including land use, soil physical, 
meteorological and satellite data integrating them into a model, which can be a 
feasible tool for plant specific drought risk evaluation.  
 
This model contains several steps from data acquisition, through processing and 
calibration to risk mapping and evaluation, which can be carried out in three main 
steps (Figure 1): 
 
(a) data acquisition and processing,  

(b) identification and calibration of biomass data and drought risk levels 

(c) drought risk evaluation and mapping 
 
More detailed information on data processing and transformation can be found in 
Tamás et al., 2015 study. In the case of data processing and transformations five 
major steps were done in order to make the NDVI calibration:  
 
(a) Re-projection of MODIS NDVI (spatial resolution 250m) data from sinusoid to 

UTM North 34 

(b) Mask building for data extraction Boolean masks of 9 regions in the Tisza 
river basin were created for wheat and maize using the CORINE Land Cover 
(CLC2006) and SRTM 90 m DEM data, and the polygons of EU NUT III. 
regions and the sites of wheat and maize derived from the land cover data in 
each April (covered: wheat. uncovered: maize)  

(c) Extraction of MODIS NDVI time series by masks in GIS environment and 
acquiring NDVI mean data matrix from the extracted NDVI images 

(d) Calibration with county scale yield data; the calibration of NDVI dataset were 
carried out by calculating correlation and regression between yield and NDVI 
datasets. 
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Figure 1. Main steps of the applied model 

 
3. RESULTS AND DISCUSSION 

 
3.1  The effect of drought on vegetation 

 
NDVI based drought risk levels were calibrated by yield and meteorological data. As 
well as MODIS NDVI time series dataset, yield data is also available from 2000 – 
2012 (data source Hungarian Statistics Office). Concerning the yield dataset, in the 
case of maize and wheat severe yield loss (-3 t/ha for maize -1-1.5t/ha for winter 
wheat) were detected in 2000, 2002, 2003, 2007, and 2012, remarkable yield amount 
were detected in 2001, 2005, 2006, (>7 t/ha for maize >4t/ha for winter wheat) and 
average in 2010 and 2011(~6.7 t/ha for maize ~4 t/ha for winter wheat). These 
findings are strongly correlates with SPI and meteorological data (data source 
European Drought Observatory database) such as available soil moisture content 
(r2=0.62 p=0.008).  
 
Analyzing of the drought affected years, in the case of winter wheat and maize 
drought can appear at the middle of June. In July NDVI values were about 0.5-0.6 in 
2003, meanwhile 0.6-0.8 in 2005, and in August the average difference NDVI was 
0.3-0.4 (Figure 2.). 
 
On the other hand in the case of drought situation irrigation provides higher NDVI 
values representing good water supply. The difference in NDVI between irrigated and 
non-irrigated vegetation is 0.1-0.15 in the case of winter wheat and is 0.1-0.2 in the 
case of maize (Figure 3.). 
 
3.2 Development of MODIS NDVI based Agricultural Drought Monitoring and 

Yield Loss Forecasting Model 
 
The calibration of NDVI dataset was carried out by calculating correlation and 
regression between yield and NDVI datasets. Based on the results of Tamás et al. 
(2015) significant correlation were found between normalized NDVI values and maize 
yield from the middle of June, to the end of August (15th of June to 31st of August), 
including the most drought sensitive blooming period (July) of this crop. In the case of 
wheat, only June (1st of June to 30th of June) is found to be reliable for yield prediction 
and forecasting. 
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Figure 2. Average NDVI values in a wet and a dry year 

 
 

 
Figure 3. Drought impact on biomass based on MODIS NDVI 

 
In Tamás et al., 2015 study the identification of those available and most appropriate 
remote sensing data and GIS transformation, calibration tools were carried out, with 
which remote sensing based agricultural drought monitoring and yield loss forecast 
can be implemented. These tools were synthetized into one huge toolbox including 
landuse, soil physical, meteorological and satellite data integrating them into a model, 
which can be a feasible tool for plant specific drought risk evaluation. As a result, five 
drought risk levels were developed to identify the effect of drought on yields: Watch, 
Early Warning, Warning, Alert and Catastrophe.  
 
During this research, new NDVI threshold levels (table 1.) were calculated for 
calculating and mapping of winter wheat and maize yield loss, concerning the defined 
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appropriate periods based on the linear regression between the yield and NDVI 
values in our previous research (Tamás et al., 2015). Then the regression models 
were used to determine NDVI threshold, based on the threshold of the yield loss. For 
example, average wheat yield was set to 3.9 t/ha (Csajbók, 2012). Above this there is 
no yield loss. This yield was then put into the regression model, and the NDVI 
threshold was calculated thus the threshold between no yield loss and “Watch” is 0.67 
(for June). 

 
Table 1.  Re-classification NDVI thresholds for maize and wheat in the significant 

period  

  

No 
yield 

loss 

Watch 
Early 

Warning 
Warning Alert Catastrophe 

Yield loss % 0% <10% 10-20% 20-30% 30-40% >40% 

Map category 6 5 4 3 2 1 

maize 

Yield loss (t/ha) 0 <0.7 0.7-1.4 1.4-2.1 2.1-2.8 >2.8 

Reclassification 

NDVI thresholds  

25-Jun 0.75-1 0.72-0.75 0.69-0.72 0.66-0.69 0.64-0.66 0-0.64 

11-Jul 0.74-1 0.71-0.74 0.68-0.71 0.65-0.68 0.64-0.65 0-0.64 

27-Jul 0.74-1 0.71-0.74 0.67-0.71 0.64-0.67 0.62-0.64 0-0.62 

12-Aug 0.71-1 0.67-0.71 0.63-0.67 0.58-0.63 0.56-0.58 0-0.56 

28-Aug 0.66-1 0.61-0.66 0.56-0.61 0.51-0.56 0.49-0.51 0-0.49 

wheat 

Yield loss (t/ha) 0 <0.4 0.4-0.8 0.8-1.2 1.2-1.6 >1.6 

Reclassification 

NDVI thresholds  

9-Jun 0.67-1 0.64-0.67 0.61-0.64 0.59-0.61 0.56-0.59 0-0.56 

25-Jun 0.62-1 0.59-0.62 0.55-0.59 0.52-0.55 0.49-0.52 0-0.49 

 
These five drought risk levels as thresholds, depending on maize or wheat, and the 
date of origin of MODIS NDVI image, can be applied in the reclassification as model 
parameter. These reclassification thresholds are threshold pairs, representing the 
“from” and “to just less than” characteristics of a certain class. The threshold pairs 
should be adjusted in reclassification process. 
 
Based on the results and as a direct continuation of Tamás et al., 2015 study a user 
friendly modelling of Agricultural Drought Monitoring and Yield Loss Forecasting 
Method (Figure 4.) were generated in order to make it possible for yield forecasting of 
other users in ArcGIS environment. 
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Figure 4. The final model of Agricultural Drought Monitoring and  
Yield Loss Forecasting Method 

 
The model (which refers to the contains several steps from masking of the region 
interest, through reclassification to risk mapping and calculating the area effected by 
drought at five drought risk levels and not affected sites. There are three main steps: 
 

I. Input data identification (masking of Region of Interest)  
II. Reclassification (Using the NDVI threshold levels, calculated in Output 2.) 
III. Mapping of drought risk and yield loss, calculating area of the different stages 

of yield loss. 
 
The input data of the model are MODIS NDVI image with 16 days smoothing from the 
significant periods for wheat and maize. Mask of a certain crop area is a Boolean file 
or a vector, which represents the spatial distribution of the growing site of a certain 
crop. The mask image and MODIS NDVI must have the same georeferenced system 
(UTM)After running the masking process, MODIS NDVI image is produced for the 
croplands of maize or wheat (a region of interest). 
 
After creating the risk map, it is possible to standardize the colour, which is provided 
by a color file in “Add Color map” additional and optional step. The result of the 
process is the exact area calculation of the drought-affected site in hectares. This 
step is also important for regional scale, especially for decision makers in order to 
know how large are the different yield loss affected sites in a region, or watershed, or 
in a country.  

 
3.3 Discussion 

 
Although Drought and water stress are not the only factors that can cause a decrease 
of yield. This is the weakness of this method, since it cannot take the difference 
between NDVI changes caused by drought or other factors. Change in land covers or 
pests and diseases can also be responsible for such variation of the yield loss. 
Therefore this method must be used jointly with other data giving information on the 
deficit of rainfall /soil moisture in order to determine if the variation in the vegetation 
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response (signal) is linked with a drought event or not. The Agricultural Drought 
Monitoring and Yield Loss Forecasting Model gives systematic and spatially 
continuous picture of the vegetation water stress at a high spatial resolution (250 m) 
for the entire CEE region. The developed model is based on NDVI, (MODIS NDVI). 
Although Landsat (or similar sensors such as SPOT) are also the main source of data 
with sufficient spatial resolution in most agricultural areas, but with a 16-day gap 
between successive images, and frequent cloud cover in most cropping regions (with 
the exception of dry, irrigated areas), it can be difficult to obtain more than one or two 
clear images within a growing season (Lobell, 2013). Another problem in the accuracy 
of yield detection is the spatial resolution. Although Reeves et al. (2005) used 1 km 
Moderate Resolution Imaging Spectra radiometer (MODIS) data to estimate wheat 
yields in North Dakota and Montana, but an average farm size (which is about 14-15 
ha) is smaller in Central East European (CEE) region than in the USA. Therefore the 
monitoring of agricultural drought through possible yield loss of a specified crop is not 
appropriate with datasets, such as Fraction of Absorbed Photosynthetically Active, 
Radiation (fAPAR) or AVHRR data, having low spatial resolution (>1 km) (Gobron 
and Verstraete, 2009), because one pixel exceeds the average crop field size in CEE 
region. Thus in farm and regional scale cloudiness time series data with moderate 
resolution is appropriate. 
 
By plant specific calibrated yield loss maps the developed spatial decision supporting 
system gives precise information for farmers on drought risk of the Central Eastern 
European (CEE) region. The magnitude of the potential yield losses is connected to 
the five drought risk levels, which are applicable to other CEE countries. In case of 
average weather circumstance the optimal amount of corn and wheat yields (t/ ha) 
have little difference in the CEE region. Therefore 40% yield loss is catastrophic in 
every CEE country. Certainly, there could be small differences in the intensity of crop 
production, wheat species and especially in corn hybrids between countries, which 
differences could influence the amount of yield to some extent. (In case of maize, the 
larger FAO number means larger energy demand of corn, longer vegetation period 
and higher possible yield.) 
 

4. CONCLUSIONS 
 
Recent advances in operational space technology have improved our ability to 
address many issues of early drought warning and efficient monitoring. In this way 
drought monitoring and yield loss forecast support to fill the gap of knowledge 
between remote sensing data and decision-making, in order to develop agricultural 
drought related decision parameters and application in practice from raw spectral 
datasets. 
 
Drought early warning and monitoring are crucial components of drought 
preparedness and mitigation plans (Wilhite and Svoboda, 2000). In contrast with the 
conventional agricultural drought indexing methods, which mainly uses point source 
meteorological data, Agricultural Drought Monitoring and Yield Loss Forecasting 
Model estimates the expected yield loss based on remote sensing data with 250*250 
m spatial resolution. Our study was based on multi-spectral remote sensing data 
(MODIS NDVI) and spectral based models, soil maps, and yield data and drought 
indices, concrete practical agricultural drought monitoring method and intervention 
levels were formulated with calibrating of the important crops (wheat, corn) which are 
representative in the Tisza river basin and in the CEE. The Agricultural Drought 
Monitoring and Yield Loss Forecasting Method is designed to identify signaling and 
intervention levels to detect the emergence or probability of occurrence and the likely 
severity of drought. With help from Agricultural Drought Monitoring and Yield Loss 
Forecasting Method, the effect of drought on crops can be detected 4-6 weeks earlier 
than before and delineated more accurately, and its impact on agriculture can be 
diagnosed far in advance of harvest, which is the most vital need for global food 
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security and trade. This information can reduce impacts if delivered to decision 
makers in a timely and appropriate format and if mitigation measures and 
preparedness plans are in place. Understanding the underlying causes of vulnerability 
is also an essential component of drought management because the ultimate goal is 
to reduce risk for a particular location and for a specific group of people or agricultural 
or economic sector. 
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