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Abstract 

Background and Aim: Previous studies have shown that assimilating satellite observations into 

distributed agro-hydrological models would certainly reduce the output errors. The main objective 

of this study is assimilating MODIS-based LAI into the SWAP model in order to improve the 

estimates of crop yield and determining the optimum number of days and time of assimilating 

MODIS-based LAI into the SWAP model. 

Methods: In this research, in order to reduce crop yield estimation errors in fodder maize and 

sugar beet, MODIS-based leaf area index (LAI) was assimilated using a sequential update 

algorithm into SWAP. The assimilation of remotely sensed LAI was examined in six different 

cases. Center pivot no.2 (CP.2) (fodder maize), the east side of CP.4 (fodder maize) and the east 

side of CP.5 (sugar beet) in 2014-15 growing season, and CP.3 (fodder maize), the west side of 

CP.4 (fodder maize) and the west side of CP.5 (sugar beet) in 2015-16 growing season were chosen 

for field sampling. LAI, soil data, irrigation data, crop calendar and aboveground dry biomass were 

measured during 2014-16 growing seasons. 

Results: Results showed that soil adjusted vegetation index (SAVI) was the best VI for LAI 

estimation with coefficient of determination (R2) of 0.72 and root mean square error (RMSE) of 

1.57 m2.m-2. Also noise equivalent variations indicated an appropriate sensitivity of SAVI along 

the entire range of LAI variability. Simulation results showed that the lowest percent absolute error 

(PAE) for aboveground dry biomass was obtained in case 4 (the assimilation of the peak LAI in 

addition to ten days after and before the peak LAI is reached). Crop yield estimates were improved 

by 24.4 percent compared with no LAI assimilation case.  

Conclusion: In this research, the estimates of aboveground dry biomass of fodder maize and sugar 

beet were improved by assimilating VI-based LAI into SWAP. SAVI was introduced as the best 

VI with R2 of 0.72 and RMSE of 1.57 m2.m-2. And also the sensitivity of SAVI along the entire 

range of LAI variability was relatively high. Assimilation of the peak LAI in addition to ten days 

after and before the peak LAI is reached, was best assimilation scenario in the SWAP model.  
Keywords: Crop yield, Leaf area index, MODIS, SWAP. 
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Introduction  
Simulation processes in crop growth models are based only on mathematical equations, and they 

do not consider all real-world crop and environmental conditions which vary with both time and  

location.  Data assimilation of satellite observations would exert these conditions on crop growth 

models and subsequently improve their accuracy [3]. Field data acquisition for use in distributed 

models is not always possible in large scales and can only be done using remote sensing. Previous 

studies showed that assimilating satellite observations into distributed agro-hydrological models 

would certainly reduce the output errors [10; 1]. Aside from the type of the data assimilated into 

the models, investigating different assimilation schemes to achieve the optimum number of days 

and time of assimilating data into the models is essential for operational and efficient crop yield 

forecasting. 

The SWAP model simulates crop growth and calculates crop yield using a detailed growth module. 

The accuracy of SWAP simulations is highly sensitive to the accuracy of input data. Therefore, in 

case of accurate input data, crop yield would be estimated more reliably [9]. Vegetation health and 

environmental conditions should be imposed by assimilating crop parameters such as LAI on crop 

yield simulation process of the model. LAI also implies the magnitude of absorbed radiation and 

represents the photosynthesis surface area of a plant. Accordingly, assimilating LAI into the model 

would significantly reduce crop yield simulation errors. [10], [4], [8], [1], [5;6] and [11] improved 

crop yield estimation by assimilating satellite data into simulation models.  

Accordingly, this study was conducted in order to find (1) a best-fit LAI estimation function based 

on the relationship between LAI and VIs derived from daily surface reflectance product of MODIS 

in the Hezarjolfa agro-industry company in Qazvin, Iran (2) assimilating MODIS-based LAI into 

the SWAP model in order to improve the estimates of crop yield and (3) determining the optimum 

number of days and time of assimilating MODIS-based LAI into the SWAP model. 

 

Materials and Methods 
Study area is located in the Qazvin irrigation network, in Iran (Fig.1). Four fields under center 

pivot irrigation system in the Hezarjolfa agro-industry company were selected. Wheat, barley, and 

canola are usually cultivated in winter and maize and sugar beet are the spring crops. Center pivot 

no.2 (CP.2) (fodder maize), the east side of CP.4 (fodder maize) and the east side of CP.5 (sugar 

beet) in 2014-15 growing season, and CP.3 (fodder maize), the west side of CP.4 (fodder maize) 

and the west side of CP.5 (sugar beet) in 2015-16 growing season were chosen for field sampling 

(Fig.1). The daily surface reflectance product of MODIS was used and the purest pixels were 

selected. Then, four pixels over the fodder maize fields (P.1 to P.4) and two pixels over the sugar 

beet fields (P.5 and P.6) were selected in order to evaluate the SWAP model crop yield simulation 

for 2014-15 growing season (Fig.1). Meteorological data were obtained from the Magsal 

meteorological station located at 500 meters from the Hezarjola agro-industry company with 

latitude of 36° 9ʹ N and longitude of 50° 10ʹ 12ʹʹ E. Crop, water and soil parameters were sampled 

in the fields of the Hezarjolfa agro-industry company for each pixel. Soil and water parameters 

were the model input data and LAI sampling was conducted to find the best-fit function from 

MODIS-based VIs and also remotely sensed LAI was an alternative input in the model. The 

aboveground dry biomass of fodder maize and sugar beet were also sampled for assessing the 

accuracy of the model. Soil samples were collected from four layers of soil by means of a core 
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sampler in the center of each pixel, and transported to laboratory on standard conditions. fodder 

maize and sugar beet were cultivated in the CP.2 to CP.5 fields in 2014-15 and 2015-16 growing 

seasons (Fig.1). LAI measurements were conducted in a destructive way. First, the possible purest 

MODIS pixels were selected as a plot which comprised 3 subplots. Then the samples were 

collected every 7 to 14 days for each subplot. After each sampling green leaves were separated 

from the plant and transported to laboratory on standard conditions. At the end, leaf area was 

measured  
 
using DeltaT Device, UK (Jonckheer et al., 2004), and LAI was calculated by dividing the leaf 

area to the subplot surface area. Table 1 represents the LAI sampling statistical results. 

 

 
 

Fig.1 Footprint of the satellite products superimposed over the study area. 

 
 Table 1 Statistical summary of LAI measurement of fodder maize and sugar beet in 2014-15 and 2015-16 

growing seasons 

 

    Fodder maize   Sugar beet 

    2014-15 2015-16   2014-15 2015-16 

LAI (m2.m-2) Number of Samples 80 98  42 30 

 Mean 4.25 4.80  3.18 3.42 

 Standard Deviation 1.02 2.06  2.11 1.45 

 Minimum 0.18 0.28  0.35 0.29 

  Maximum 7.23 7.16   7.87 7.80 
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The daily surface reflectance product of MODIS onboard the Terra satellite was downloaded from 

2014 to 2016. The VIs include normalized difference vegetation index (NDVI), simple ratio (SR), 

wide dynamic range vegetation index (WDRVI), weighted difference vegetation index (WDVI), 

and soil adjusted vegetation index (SAVI). The model was run in six different cases of LAI 

assimilation. Afterwards, fodder maize and sugar beet yields were simulated for 2014-15 growing 

season and the accuracy of each case was evaluated against the measured data. 

 

Results and Discussion 
The resulted LAI estimation functions are represented in Table 2. SAVI-based function had the 

best trends and the lowest dispersion along the range of LAI variability with R2 of 0.72 and RMSE 

of 1.57 m2.m-2, followed by SR, WDVI, and WDRVI. NDVI was the weakest index in  LAI  

estimation with  R2  and  RMSE of  0.42  and  2.36 m2.m-2 ,  respectively.   The  

 

 

sensitivity of NDVI to LAI decreased due to the early saturation of NDVI at moderate to high LAI 

values (LAI>2.5). 
 

Table 2. The statistical summary of the LAI estimation functions derived from MODIS-based vegetation indices (VIs) 

 

Vis Formula R2
 RMSE Average NE 

NDVI 𝐲 =
𝟏𝟐𝐱 − 𝟏. 𝟓

𝟔. 𝟐 − 𝟑𝐱
 0.42 2.36 1.22 

SAVI 
𝐲 =

−𝐥𝐧(
𝟎. 𝟖𝟑 − 𝐱
𝟎. 𝟒𝟐 )

𝟎. 𝟎𝟏𝟖
 

0.72 1.57 0.83 

SR 𝐲 = 𝟎. 𝟗𝟐𝐱 − 𝟏. 𝟎𝟓 0.67 1.82 0.85 

WDRVI 𝐲 =
(𝐱 + 𝟏. 𝟑)𝟏.𝟎𝟓

𝟎. 𝟐
 0.56 1.98 1.08 

WDVI 𝐲 = 𝟏𝟐. 𝟓𝐱 − 𝟑. 𝟏 0.66 1.65 0.92 

 

MODIS-based LAI was assimilated into and then the results presented in Table 3. LAI assimilation 

were defined based on the time of the peak LAI in the SWAP model. Approximately the same 

results were obtained for both crops, and consequently the SWAP simulation outputs were 

combined. The no LAI assimilation case (case 6) resulted in 24.40 percent underestimation in 

aboveground dry biomass (Table 3).  
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Table 3. The percent absolute error (PAE) related to the average of the aboveground dry biomass of P.1 to P.6 for 2014-

15 growing season of fodder maize and sugar beet in The Hezarjolfa agro-industry company in Qazvin plain 

Case NO. 
PAE (%) 

aboveground dry 

biomass 

1 -7.16 

2 -35.29 

3 +9.90 

4 +2.90 

5 +18.20 

6 -32.40 
* The (-) and (+) signs indicate underestimation and overestimation, respectively. 

Conclusion 
The accurate yield forecast of strategic crops such as fodder maize and sugar beet could improve 

farm management and assist policy-makers to make proper decisions. In this study, the estimates 

of aboveground dry biomass of fodder maize and sugar beet were improved by assimilating VI-

based LAI into SWAP. SAVI was introduced as the best VI with R2 of 0.72 and RMSE of 1.57 

m2.m-2. And also the sensitivity of SAVI along the entire range of LAI variability was relatively 

high. Assimilating LAI into the SWAP model under the conditions of case 4 (assimilation of the 

peak LAI in addition to ten days after and before the peak LAI is reached) with PAE of 2.9 percent 

caused improvement in estimates of the aboveground dry biomass using the SWAP model by 28.5. 

The optimum cases of LAI assimilation presented in this study could be taken into account for 

accurate yield forecast of fodder maize and sugar beet about a month before harvest in the Qazvin 

plain.  
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