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Abstract:  Sugarcane is a perennial plant which has four distinct stages of growth, namely germination, tillering, vegetative 
growth, and maturation. Lack of a reliable model and inadequate image processing equipment analysers lead the 
sugarcane agro-industries toward yield prediction through manual sampling, which is not only associated with 
sampling problems but also requires spending money and labour. Moreover, vegetation models require agronomic and 
meteorological data, which are not easily available due to their wide spatial distribution. The present research is aimed 
at identifying the appropriate date for acquiring best images to achieve yield prediction by using vegetation indices. 
The research further looks for the optimal model and the best vegetation index for predicting sugarcanes yield. The 
results showed that differences in growth stage among sugarcane farms which resulted in reduced linear correlation 
between vegetation indices and yields, thus compared to the MLR model, ANN model exhibited better performance in 
irrigated sugarcane farms in arid regions. The Artificial Neural Network model of Green Vegetation Index (GVI) with 
using satellite images returned the highest correlation with sugarcane farm yield (R2 = 0.81, RMSE = 6.1 ton/ha and 
NRMSE = 7.5%). The main advantage of GVI is to emphasizing vegetation and reduces the effect of soil and also 
adopting a wider spectrum in calculating, compared to Normalized Difference Vegetation Index (NDVI) and Green 
Normalized Difference Vegetation Index (GNDVI). Artificial Neural Network model can potentially improve 
predictions on farm scale and comprise a useful, cost-effective, and convenient tool for predict yield across sugarcane 
farms. 
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1. INTRODUCTION 

Sugarcane (Saccharum officinarum) is a perennial plant which can grow for up to six to eight 
years and has four distinct stages of growth, namely germination, tillering, vegetative growth, and 
maturation (aging), each of which lasts for up to three months normally. Accurate in-season yield 
prediction can enhance annual productivity and to support harvesting farms, milling, and forward 
selling decisions. Accurate predictions of regional yield for sugarcane agro-industries are of vital 
importance for formulating harvesting, milling and forward selling decisions, while at a block scale 
they provide growers with an understanding of both in-crop variability and total production 
(Robson et al., 2016). 

Lack of a reliable model and inadequate image processing equipment analysers lead the 
sugarcane agro-industries toward yield prediction through manual sampling (destructive), which is 
not only associated with sampling problems but also requires spending money and labour. 
Moreover, vegetation models require agronomic and meteorological data, which are not easily 
available due to their wide spatial distribution. Many plant indices based on canopy spectral 
reflectance have shown the ability to estimate crop physiological properties accurately; including 
plant, biomass and crop yield (Tucker et al., 1979; Zhao et al., 2003). 

According to Iranian Sugar Factories Syndicate, as of 2014, domestic production of sugar by 
Iranian sugar factories has been estimated at 693,000 tons. In 2015 and 2016, the domestic 
production has exceeded the corresponding imports, mainly because of the increase in import tariffs 
on white and raw sugar as a governmental support for domestic production. Current rates of sugar 
production in Iran could not meet the demands, so that the unsatisfied demand shall be supplied by 
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imports (ISFS, 2017). By increasing the farm yield and achieve higher sugar purity, one can 
attenuate the need for imports.  

Numerous studies have been performed on finding relationships between remotely sensed 
vegetation indices and yield across sugarcane farms, most of which have been performed on 
regional scale.  

 These relationships have been established between maximum vegetation index and dry matter or 
cumulative vegetation index during the growth stage and plant biomass normally at the end of the 
growth season (Bolton and Friedl, 2013). Bégué et al. (2010) used SPOT4 and SPOT5 images and 
assumed an exponential relationship between maximum Normalized Difference Vegetation Index 
(NDVI) and sugar yield, ending up with an R2 value of 0.78. Fernandes et al. (2011) used 10-day 
images taken by SPOT satellite, as well as meteorological data. They grouped NDVI data into three 
categories: less than average, average, and more than average. They concluded that the average and 
more than average data were better than the other models, returning accuracies of 86.5% and 
66.7%, respectively. Ahmadvand et al. (2012) forecast sugarcane yield using field measurement of 
soil water content, yield, etc., with the aim of neural network, the values of R2 were found to be 
0.93 by using three hidden layers and logistic transfer function. Lofton et al. (2012) predicted 
sugarcane yield based on NDVI and stipulated that the best time for estimating sugarcane yield is 
the interval between 601 and 750 Growing Degree-Days. Mulianga et al. (2013) used NDVI data 
from MODIS (Moderate Resolution Imaging Spectroradiometer) satellite on Western Kenia and 
suggested that sugarcane yield prediction using low-resolution satellite images is difficult to 
perform. The values of R2 and RMSE (Root Mean Square Error) were found to be 0.53 and less 
than 5 ton/ha, respectively. Morel et al. (2014) studied three estimation methods for estimating the 
yield of sugarcane farms based on remote sensing data. The three methods included (1) empirically 
correlating NDVI to farm yield, (2) Kumar-Monteith efficiency model, and (3) MOSICAS model 
and the photosynthetically active radiation (PAR) obtained from satellite. Finally, the linear 
empirical model exhibited the best results (RMSE = 10.4 ton/ha). They also applied force-coupling 
technique to MOSICAS model by using the PAR ratio obtained from SPOT sensor, and improved 
yield prediction. Kumar et al. (2015) predicted yield across sugarcane farms in India using collected 
data as well as an artificial neural network model. Finally, associated RMSE was found to be 
4.03%. Fernandes et al. (2017) used NDVI time series of MODIS images. The result showed that 
R2 was 0.63 for the Stacking method, anticipating the crop forecast by three months before the 
harvest. Rahman and Robson (2016) used Landsat 7 images to predict the yield of sugarcane farms, 
obtained from a model using maximum GNDVI values and calculated R2 and RMSE values of 0.69 
and 4.2 ton/ha, respectively. They indicated that, the outcomes of the GNVDI model have good 
potentials for yield prediction. Fernandes et al. (2017) used NDVI time series from 2003 to 2012 
using MODIS images. The sugarcane yield was also estimated for the entire State using artificial 
neural network, based on the average of selected municipalities. The result showed that R2 was 0.63 
for the Stacking method, anticipating the crop forecast by three months before the harvest.  

The present research is aimed at identifying the appropriate date for acquiring best satellite 
images to achieve maximum correlation between vegetation indices and end of season yield at farm 
scale. The research further looks for the optimal model and the best vegetation index for predicting 
irrigated sugarcane yield. 

2. MATERIALS AND METHODS 

2.1 Study area 

Imam Khomeini Sugarcane Agro-Industry is located in Khuzestan Province, Iran (Figure 1). In 
summer the climate is hot and arid and it is moderate and non-freezing in winter, with an average 
annual precipitation of 240 mm. This agro-industry is composed of 530 farms with a total area of 
15,800 hectares. On average, 12000 hectares of land is allocated to sugarcane each year. The 
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varieties include CP69-1062, CP48-103, CP73-21 and CP57-614, representing 40, 30, 25 and 5 
percent of the study area, respectively.  

In general, local soil is heavy and dominantly composed of silty clay loam and silty clay. Of the 
important challenges, affecting sugarcane growth in the study area is water scarcity and soil salinity. 
In the study area, sugarcane farms are irrigated throughout the year and irrigation is only interrupted 
at the beginning of the harvest season. 

For the purpose of this research, investigations were performed on 375 sugarcane farms during 
four crop seasons from 2013-2014 to 2016-2017. 

 

Figure 1. Imam Khomeini Agro-Industry located at 31°39´- 31°55´ N and 48°39´- 48°48´ E in Khuzestan, Iran. 

7B2.2 Remote sensing data 

A total of 24 Landsat 8 OLI/TIRS images were used for four years. The images were selected 
according to the date of the vegetation growth of farms in the study area, which began in June and 
lasts until December. 

Numerous vegetation indices have been used to consider plant status. In the present research, 
three indices were used to estimate sugarcane yield, namely NDVI, GVI, and GNDVI. 

NDVI is an index to measure health and greenness of plant. The combination of its normalized 
difference formulation and use of the highest absorption and reflectance regions of chlorophyll 
make it robust over a wide range of conditions. 

NDVI = [(NIR – RED) / (NIR + RED)] (1) 

in which NIR and RED refer to the near infrared and the red bands of Landsat 8, respectively. 
Generally, for sugarcane NDVI has some value between 0.15 and 0.85 (Rouse et al., 1973). 

Many studies use GNDVI instead of NDVI because NDVI becomes saturated in dense 
vegetation, like sugarcane, when LAI becomes high (Rouse et al., 1973; Gitelson and Merzlyak, 
1998; Benvenuti and Weill, 2010; Rahman et al., 2016) 

GNDVI = [(NIR – GREEN)/ (NIR + GREEN)] (2) 

Here, GREEN refers to the green band of Landsat 8. GDNVI is mostly similar to NDVI, except 
that here green spectrum (540-570 nm) was measured rather than red spectrum. 
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GVI refers to green vegetation index, which minimizes the effects of background soil and 
emphasizing green vegetation. It uses global coefficients that weigh the pixel values to generate 
new transformed bands. 

GVI= (-0.2848*B1) + (-0.2435*B2) + (0.5436*B3) + (0.7243*B4) + (0.0840*B5) + (- 0.0840*B7) (3) 

GVI Band numbers was originally designed to be used with Landsat 7, but then it was used with 
corresponding bands on Landsat 8 (Kauth et al., 1976).  

 

 
(a) 

 
(c) 

 
(b) 

 
(d) 

Figure 2. Measurement of vegetation indices for the image taken on 2015/07/02: (a) False true colour image which 
indicated sugarcane farms; (b) GVI image; (c) GNDVI image; (d) NDVI image. 

Figure 2 shows how vegetation indices of each farm were measured, for example, on July 2015. 
In order to obtain the values of the vegetation indices, pixels of each farm were identified and then 
average values of pixels were measured. It should be noted that, the pixels including farm 
boundaries, parts of adjacent farms or irrigation channels were omitted from the calculations. 
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2.3 Yield prediction models 

Two models were examined to estimate farm yields, namely Multivariate Linear Regression 
(MLR) and Artificial Neural Network (ANN). 

Multivariate linear regression model Regression analysis is a statistical technique for deriving a 
linear relationship between dependent and independent variables. The aim is to predict the 
dependent variable from independent variable(s). General form of a Multivariate Linear Regression 
model is written as follows:  

Yi = Σ aj * Xij + C0 (4) 

in which aj is regression parameter, X is independent variable, C0 is constant of the equation, and Yi 
is dependent variable. 

Artificial Neural Network Models have at least three layers (input, hidden and output). In each 
layer, there is a number of processors called neurons. Hidden layer(s) process the data received 
from the input layer and hand over the results to the output layer. The transfer function indicates the 
response of each neuron to the input signal to that neuron. Artificial neural network model can 
generate a formula for predicting the future using a large number of input and output instances 
(Pachepsky et al., 1996).  

 

Figure 3. The structure of the artificial neural network model used in this study. 

According to Figure 3, a back-propagation feed-forward artificial neural network with two 
hidden layers was used for modeling farm yields. Following a trial and error approach, Tansig and 
Purelin functions were used as transfer functions of the first and second layers, respectively. 
Moreover, Trainlm function was used to train the trial and error network. 80 percent of records kept 
for Training ANN model and the remaining used for validation and test. 

In total, 375 farms were sampled through four seasons. The following parameters were taken as 
input of each farm in both models:  

1. Harvesting year, which showed the year of sampling, 
2. Number of ratoons, which ranged from one to 10 and shows the number of ratooning of each 

farm, 
3. Variety, as mentioned above there are four sugarcane variety included CP69-1062, CP48-

103, CP73-21 and CP57-614 in the study area, 
4. Soil type, which was included four type: clay, silty clay, silty clay loam and clay loam 

measured for each farm, 
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5. Vegetation index of each farm, which shows average vegetation indices of each farm derived 
from satellite image monthly. 

For each farm, all input data are constant over a season except for the vegetation indices that 
vary with sugarcane growth. Two methods were examined to find the optimal model: (a) modeling 
based on a single satellite image, and (b) modeling based on multi satellite images. 

2.4 Statistical analysis 

Efficiency of different models was evaluated using two indicators of prediction accuracy, namely 
Root Mean Square Error (RMSE) and Normalized Root Mean Square Error (NRMSE). RMSE 
measures the associated error with measurements. Accordingly, the larger the associated errors, the 
larger will be the value of RMSE. NRMSE also evaluates the average relative deviation between 
observed and simulated values in percentage. The closer the NRMSE is to 0, the model is more 
accurate (Teal et al., 2008). 

RMSE= ((Σ (Xmodel –Xobs)2) / n)0.5 (5) 

NRMSE= RMSE / X ̅  ×100 (6) 

Here, Xmodel indicates predicted yield (ton/ha), Xobs refers to actual yield values (ton/ha), X̅  refers 
to average of actual yields and n is the number of observations. 

3. RESULTS AND DISCUSSIONS 

3.1 Vegetation indices 

Figure 4 shows the acquired image dates and average values of the vegetation indices estimated 
across the sugarcane farms during four planting seasons. 

 

Figure 4. Acquired image dates and average vegetation indices in four seasons 

According to Figure 4, the values of NDVI and GNDVI are close at the beginning of the crop 
season but differ at the end, especially after the irrigation was stopped at the beginning of the 
harvest seasons (mid-September). In 2013 and 2015, NDVI remains stable after the irrigation was 
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stopped as long as there is less drought stress due to rainfalls, otherwise, in 2016 and 2014, NDVI 
decreases immediately following a peak due to drought stress (Mulianga et al., 2013). This is while 
GNDVI was seen to decrease immediately after the end of the vegetation growth when the 
sugarcane leaf color changed to yellow in all the years studied. These findings are in agreement 
with those of Bégué et al. (2010). 

On average, maximum values of the vegetation indices have occurred at 235 to 260 day after last 
harvest (late August to mid-September), which marks the end of the vegetation growth stage. 

3.2 Models performance 

In this study, multivariate linear regression (MLR) and artificial neural network (ANN) were 
used to estimate sugarcane farm yields. Table 1 shows the performance of the MLR models using 
different combination of images for each Vegetation index. 

 
Table 1. Performance of MLR models for sugarcane yield prediction. 

Combination of Images 
NDVI GVI GNDVI 

R2 RMSE NRMSE R2 RMSE NRMSE R2 RMSE NRMSE 

1 image on June 0.321 13.8 17.0 0.397 13.4 16.5 0.208 15.7 19.3 

1 image on July 0.202 15.9 19.5 0.378 13.9 17.1 0.245 15.4 18.9 

1 image on August 0.454 13.5 16.6 0.436 13.1 16.1 0.482 12.3 15.1 

1 image on September 0.425 13.9 17.1 0.452 12.9 15.9 0.503 12.1 14.9 

1 image on October 0.433 13.8 17.0 0.378 13.8 17.0 0.450 12.7 15.6 

1 image on November 0.315 14.3 17.6 0.383 13.5 16.6 0.362 14.1 17.3 

2 images (Jun., Jul.) 0.421 12.7 15.6 0.402 12.9 15.9 0.445 12.5 15.4 

3 images (Jun., Jul., Aug.) 0.475 12.1 14.9 0.473 11.9 14.6 0.618 10.2 12.5 

4 images (Jun., Jul., Aug., Sep.) 0.456 12.3 15.1 0.462 12.1 14.9 0.521 11.4 14.0 

5 images (Jun., Jul., Aug., Sep., Oct.) 0.432 12.9 15.9 0.442 12.5 15.4 0.508 11.3 13.9 

6 images (Jun., Jul., Aug., Sep., Oct., Nov.) 0.412 13.2 16.2 0.394 12.9 15.9 0.444 11.5 14.1 

 
According to Table 1, the results show that the GNDVI is likely to outperform the other 

vegetation indices with R2=0.62, RMSE=10.2 ton/ha and NRMSE= 12.5%. Table 2 shows the 
details of the top MLR model. The GNDVI data for June, August and July were used to obtain the 
best MLR equation. 

 
Table 2. Detail parameters of best MLR model. 

Variable Parameter Coefficients(B) T test R2 RMSE 
(ton/ha) 

NRMSE 
(%) 

a Number of Ratoons -2.332 -10.561 

0.618 10.2 12.5 

b Harvest year 3.685 7.03 

c (Constant) -518.949 -10.12 

d GNDVI of Jun. 100.364 5.597 

e GNDVI of Jul. 33.149 3.648 

f GNDVI of Aug. 94.074 7.96 

g Mean GNDVI 129.113 5.594 

* Mean GNDVI refers to the average GNDVI in the months used in the model. 
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According to Table 2, the number of ratoons and the harvest year were the most important 
parameters of the MLR model for predicting yield among other field data. Given the NRMSE of 
more than 10 in the best model, shows that the MLR models did not have sufficient accuracy to 
predict yields. 

In a research by Rahman and Robson (2016), the GNDVI performed better than the other indices 
in the linear model, which is in agreement with our results. According to their results, maximum 
GNDVI had a linear relationship with sugarcane yield with R2 and RMSE of 0.64 and 4.1 ton/ha, 
which shows the higher accuracy of their model than ours. In humid regions, such as Brazil, due to 
more rainfalls, sugarcane farms are more homogeneous in terms of growth, but drought stress in the 
study area is severe if the irrigation is delayed or inadequate, therefore the linear relationship 
between vegetation index and yields is more accurate in humid areas. On the other hand, differences 
in growth of sugarcane farms at each image results in reduced linear correlation between vegetation 
indices and farm yields.  Table 3 presents performance of the ANN model using different 
combination of images for each Vegetation index. 

 
Table 3. Performance of ANN models for sugarcane yield prediction. 

Combination of Images 
NDVI GVI GNDVI 

R2 RMSE NRMSE R2 RMSE NRMSE R2 RMSE NRMSE 

1 image on June 0.630 9.2 11.3 0.563 9.3 11.4 0.591 9.5 11.7 
1 image on July 0.635 9.0 11.1 0.629 8.5 10.4 0.638 9.2 11.3 
1 image on August 0.706 8.1 10.0 0.766 6.8 8.4 0.654 8.8 10.8 
1 image on September 0.619 9.2 11.3 0.741 7.1 8.7 0.643 9.2 11.3 
1 image on October 0.629 9.2 11.3 0.663 7.9 9.7 0.624 9.2 11.3 
1 image on November 0.582 10.0 12.3 0.672 7.5 9.2 0.572 9.7 11.9 
2 images (Jun., Jul.) 0.681 8.4 10.3 0.689 8.6 10.6 0.612 9.4 11.6 
3 images (Jun., Jul., Aug.) 0.706 8.2 10.1 0.805 6.1 7.5 0.684 8.6 10.6 

4 images (Jun., Jul., Aug., Sep.) 0.707 8.2 10.1 0.721 7.4 9.1 0.752 7.6 9.3 

5 images (Jun., Jul., Aug., Sep., Oct.) 0.738 7.9 9.7 0.731 7.2 8.9 0.750 7.6 9.3 
6 images (Jun., Jul., Aug., Sep., Oct., Nov.) 0.743 7.6 9.3 0.743 6.7 8.2 0.753 7.5 9.2 

 
According to Table 3, the results show that the GVI is likely to outperform the other vegetation 

indices with R2 = 0.81, RMSE = 6.1 ton/ha and NRMSE = 7.5%. The RMSE was the least between 
all combinations and the NRMSE is less than 10, indicating that the ANN model is sufficiently 
accurate and capable of predicting sugarcane yield. 

Figure 5 shows training, validation and test of the best ANN model. As mentioned before, 80% 
of all samples used for Training and 20% for validation and test. 

Based on the results, ANN model exhibited better performance in all scenarios, compared to 
the MLR model. Using multi images during a season was found to impose no significant effect on 
R2, while decreased the value of the RMSE and NRMSE and, therefore, increased prediction 
accuracy. As already mentioned, the main advantage of GVI is to emphasizing vegetation and 
reduce the effect of soil and also adopting a wider spectrum in calculating, compared to Normalized 
NDVI and GNDVI. Therefore, ANN model of the GVI provided better predictability compared to 
two other vegetation indices. 

Using June, July and August images together make the best results in both methods which 
show the end of vegetative growth stage (about 250 days after last harvest) is the best time to 
predict sugarcane yield. In arid regions, as the date of images gets farther from the harvest season, 
the risk of various stresses such as water scarcity increases, thereby reducing the correlation 
between vegetation indices and farm yield. In contrast, prediction of sugarcane yields with using 
images taken after August also showed lower correlation with vegetation indices, due to the plant 
stresses caused by stopping irrigation from mid-September. 
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(a) 

 
(c) 

 
(b) 

 
(d) 

Figure 5. a, b, c and d refer to Training stage, Validation stage, Testing stage and Total performance of top ANN 
model, respectively, using the GVI and combination of 3 images in June, July and August. 

4. CONCLUSIONS 

Results of the present research indicated that, differences in growth stage among sugarcane 
farms which resulted in reduced linear correlation between vegetation indices and yields, thus 
compared to the MLR model, ANN model exhibited better performance in irrigated sugarcane 
farms in arid regions. Moreover, due to using high-spatial resolution images, the presented model 
can not only provide predictions on regional scale, but also can predict the yield across small farms. 
Application of more variable farm parameter as inputs could improve model flexibility, but it rather 
erodes generality of the model. The presented model can be used for all arid regions with similar 
conditions. Artificial Neural Network model can potentially improve predictions on farm scale and 
comprise a useful, cost-effective and convenient tool for predict yield across sugarcane farms. 
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