
36 

 

ABSTRACT 

 
Monitoring the growth of rice and forecasting its yield before harvest season is very 

important for crop and food management. Remote sensing images are capable of 
identifying crop health as well as predicting its yield. This study explored the potentials of 
the artificial neural network (ANN) model for developing rice yield prediction systems 
using multi-temporal satellite data. 

The study made use of the 16-day composite TERRA MODIS satellite images 
downloaded from the internet from November 2010 to April 2011 to predict rice yield in 
the province of Ilocos Norte. Two ANN rice yield prediction models, namely RiceMod3 
and RiceMod5, were developed. The results showed that RiceMod3 and RiceMod5 were 
quite efficient in capturing the complex relationship between rice yield and crop spectral 
signature with R

2
 values of 0.542 and 0.732, respectively.   

The ability of RiceMod3 to reasonably forecast the expected rice yield some time 
ahead of the harvesting date provide opportunities for a farm manager to make 
decisions before harvest. As such, it may prove useful to use the model in providing farm 
advisories. The RiceMod5 on the other hand may prove useful in providing timely 
prediction of crop yield over large areas and can be used as an alternate method for 
crop yield survey. 
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INTRODUCTION 

With the continuously growing 
population in the Philippines, it is the 
government’s utmost priority to alleviate 
poverty and ensure food security. In realizing 
this goal, it is vital to know how much rice is 
growing where, how well the current crop is 
doing and whether or not the supply/harvest 
will meet the demand (Twitchell, 1988). Data 
on crop yield is a key element for rural 
development and an indicator of national 
food security. Timely assessments of crop 
growth conditions to forecast crop yield over 
large areas are critical for national food 
security through policy making on import/
export plans and prices (Li , Liang, Wang,  &  
Qin, 2007).  

In recent years, a variety of 
mathematical models relating to crop yield 
have been proposed (Landau, et al., 2000; 
Wheeler et al., 2000; Hansen,  Potgieter, & 
Tippett, 2004). Remote sensing techniques 
have the potential to provide quantitative and 
timely information on agricultural crops over 
large areas, and many different methods 
have been developed to estimate crop yields 
(e.g.,  Liang, Fang, Teasdale, Cavigelli, &  
Hoogenboom, 2004; Walthall et al, 2004; 
Xiao et al., 2005; Son et al., 2013; Son et al., 
2016). The temporal dynamics of remote 
sensing data and their close relation with 
plant characteristics could play a crucial role 
in establishing an effective pre-harvest yield 
estimation method (Noureldin, 2013). 
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One practical approach using satellite 
data is the development of empirical 
relationships between the integrated 
Normalized Difference Vegetation Index 
(NDVI) and crop yield. NDVI is calculated 
using near infrared and red wavelengths or 
types of light and is used to measure 
vegetation greenness or health. NDVI is 
linked to many plant parameters, which are 

closely related to crop yield.  It has a direct 

correlation with LAI,  biomass and vegetation 
cover (Wiegand et al., 1990, 1992; Tucker, 
1979; Holben et al., 1980; Ahlrichs & Bauer, 
1983; Nemani & Running, 1989). These 
driving parameters are largely influenced by 
variations in soil fertility (Hinzman and 
Bauer, 1986) soil moisture (Daughtry et al., 
1980; Tucker et al., 1980; Teng, 1990, 
planting date (Crist, 1984) and crop density 

(Aase & Siddoway, 1981) . Most studies 
have observed a correlation between NDVI 
and green biomass yield, therefore NDVI can 
be used to estimate yield before harvesting 
(Rasmussen, 1997).  

The relationship between NDVI and 
production has been confirmed by various 
field experiments (Prince & Justice, 1991). 
Son, et al (2013) reported high correlation 
ranging from 0.70-0.74 between rice yield 
and MODIS-NDVI and MODIS-EVI. 
Rasmussen (1992) showed that yield could 
be estimated directly from the regression 
with NDVI. However, the general drawback 
of most methods using statistical 
relationships between NDVI and crop yield is 
that they have strong empirical character 
and that the correlation coefficients are 
moderate to low. Moreover, NDVI is multi-
correlated with previous NDVI values; hence 
its application to yield prediction may violate 
some regression rules. 

Recently, artificial neural network 
(ANN) has received a great deal of attention 
becauseof its ability to treat complicated 
problems even if the data are imprecise and 
noisy. ANN models are a powerful empirical 
modeling approach and yet relatively simple 
compared with mechanistic models. It is felt 
that ANN models offer a more versatile 
empirical modeling approach in comparison 

to the linear regression methods used in 
predicting rice yield since the rice yield is non-
linear and autoregressive in nature. Since 
ANN models allow an illustration of complex 
and non-linear relationships without rigorous 
assumptions regarding the distribution of 
samples (Bishop, 1995; Breiman et al., 1984), 
the method is gaining popularity for research 
areas where there is little or incomplete 
understanding of the problem to be solved, 
but where training data are available. For 
instance, Ji et al. (2007) used ANN to predict 
rice yield in mountainous regions of Fujian 
province of China. Chen and McNairn (2006) 
also used a neural network-based yield model 
to predict rice yield on a regional scale in the 
Philippines. Similarly, Akhan et al. (2015) 
predicted rice yield in Bangladesh from 
AVHRR-based remote sensing satellite data 
vegetation health (VH) indices such as 
vegetation condition index (VCI) and 
temperature condition index (TCI) using 
artificial neural network.  

The objective of the study was to 
develop a model of predicting rice yield from 
multi-temporal satellite data using artificial 
neural networks analysis. Specifically, the 
study aimed to assess and compare the 
adequacy of the developed ANN models in 
predicting rice yield. 

Theory and Structure of an Artificial 
Neural Network  

A neural network is an attempt to build 
a mathematical model that supposedly works 
in an analogous way to the human brain. It 
consists of a number of artificial neurons 
known as processing elements or units which 
are arranged in layers and interconnected via 
weighted connections. These weights are 
adjusted when the networks are being trained 
to describe a system or to lead particular 
inputs to specific target outputs (Gershenfeld, 
1999).  

Figure 1 shows the basic structure of 
an artificial neural network. It consists of a set 
of input units x, output units y, and hidden 
units z, which link the inputs to outputs. The 
hidden units extract useful information from 
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Likewise, the output of the network is 
de-scaled to restore its original scale. This is 
done by subtracting the output shift factor 
from the network output and dividing the 
difference by the output scale factor. 
Mathematically, these can be written as 

                             (2) 
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inputs and use them to predict the outputs 
using a set of simple functions linked 
together by weights  

Ideally, inputs and desired outputs 
are first pre-processed before they are used 
into the network to produce signals that are 
in common scale. This can be done by 
applying the so-called Minimax algorithm, 
which searches scale and shift factors such 
that when the input is multiplied by the scale 
factor and the shift factor is added, the 
maximum and minimum values of the input 
vector is 1 and 0, respectively.  
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where xi, yk are the scaled input and output 
parameters, respectively. Xi and Yi are the 
input and output parameters in the original 
scales.  SFi and SFk are the scale factors of 
the input and output parameters.  

After pre-processing the required 
inputs and outputs of the network, the 
network with scaled input vector of elements 
xi (i = 1…Ni) is transmitted through a 
connection that is multiplied by weights wij to 
give the hidden units zi (j = 1…Nh) as 

                (3) 

where Nh is the number of hidden units and 
Ni is the number of inputs. The hidden units 
consist of the weighted input and a bias     
(wj0). A bias is simply a weight with constant 
value of negative one (-1) that serves as a 
constant added to the weight. These inputs 
are passed through a layer of activation 
function f which produces 
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Figure 1. Basic structure of a neural network (Minasny and Bratney, 2002) 
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        (4) 

The activation functions are designed to 
accommodate the nonlinearity in the input-
output relationships. In this study, the 
sigmoid function was used which is given as 

                    (5) 

The outputs from hidden units is transmitted 
through a connection that is multiplied by 
weight ukj to give the output units vk  (k = 1 … 
Nk) as  

    (6) 

and fed into another activation function F 
(usually linear function)  to produce output y 
(k=1…No) as 

   (7)
  

The weights (W, U) are adjustable 
parameters of the network and are 
determined from a set of data through the 
process of training (Norgaard, 2000). The 
training of a network is accomplished using 
an optimization procedure such as nonlinear 
least squares. The objective is to minimize 
the sum of squares of the residuals (SSE) 
between the measured and predicted output. 

 
 

METHODOLOGY 
Study Area 

The study was conducted in the 
whole province of Ilocos Norte. The province 
has two distinct seasons, dry from 
November to April and wet during the rest of 
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the year. Monthly average rainfall reaches 
172.3 mm. Temperature averages 26.8 oC. 
Like in the rest of the Philippines, agriculture 
is the main activity in the province. The main 
food grains grown include rice and corn. 
Garlic, onion, tobacco, sugarcane and a 
variety of vegetables are also grown. These 
crops are grown either under irrigation or 
rainfed or both. The province is characterized 
by two growing seasons. The main growing 
season starts in June until November. The 
main source of water for crop production is both 
rainfall and irrigation. The second growing season 
starts in December and last until April.  

NDVI from MODIS Satellite Data 

The study used the 16-day composite 
MODIS Normalized Difference Vegetation 
Index (NDVI) product. The resolution of this 
MODIS product is 250 m at ground level and 
thus each pixel had an area of 6.25 ha. Ten 
satellite images were obtained from 
November 2010 to April 2011, covering the 
entire cropping season. Details of satellite 
images used in the study are shown in Table 
1. Global Positioning System (GPS) was used 
to georeference the farmers’ fields. Fifty 
farmer’s fields per municipality were selected 
to collect ground data, which were correlated 
with NDVI derived from MODIS product. 
Ground data collected include the location of 
the farmer’s field, date of planting, cultural 
management, and yield data. The yield data 
per farmer was estimated based on the 
average of 10 crop cut area having 
dimensions of 1m x 1m.  

NDVI at different rice growth stages 

Different rice growth stages of rice 
(vegetative, reproductive and harvesting 
stage) were classified from the NDVI images. 
NDVI was sampled in same pixel from the images 

and calibrated and classified for rice growth 
stage. NDVI value of zero means no green 
vegetation and close to +1 (0.8 - 0.9) 
indicates the highest possible density of green 
leaves. Finally, these processed NDVI data 
were analyzed spatially using GIS . 
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Gathering of cultural management 
practices 

Primary data on production practices 
for transplanted rice for the dry season from 
November 2010 to April 2011 were collected 
from the farmers through interviews. The 
interviews were conducted on farmers’ 
fields. A checklist was used to make sure 
that all the required information was 
collected. Additional secondary data were 
collected from the Municipal Agriculture 
Offices and Provincial Agriculture Office.  

Rice fields included in this study were 
randomly selected from each municipality in 
the province of Ilocos Norte. The farmer-
owners of the selected students were 
interviewed to gather information regarding 
their cultural management practices. A total 
of 650 farmers (50 farmers per municipality) 
were interviewed and their fields were 
surveyed using GPS. The actual yields of 
each field were gathered using composite 
crop cut from 10 random sites in each field. 
The yield data were then compared to the 
predicted yield of the model. 

Development of rice yield prediction 
model 

Two hierarchical rice yield prediction 
models were developed using three and five 
NDVI values as input predictor of rice yield 
and were optimized using the multi-layer 

Table 1. Details of MODIS satellite images used in the study 

MODIS IMAGE DATE JULIAN DATE 
RESOLUTION 

(m) 

1 Nov. 17 – Dec. 2, 2010 321 250 
2 Dec. 3 – 18, 2010 337 250 
3 Dec. 19 – Jan. 3, 2011 353 250 
4 Jan. 1 – 16, 2011 001 250 
5 Jan. 17 – Feb. 1, 2011 017 250 
6 Feb. 2 – 17, 2011 033 250 
7 Feb. 18 – Mar. 5, 2011 049 250 

8 Mar. 6 – 21, 2011 065 250 
9 Mar. 22 – Apr. 6, 2011 081 250 

10 April 7 – April 22, 2011 097 250 

perceptron (MLP) neural network. The two 
models developed are called RiceMod3 and 
RiceMod5. RiceMod3 requires three inputs 
namely X2, X3 and X4 which are NDVI 
values measured at 16, 32, 48 days after 
transplanting (DAT), respectively. RiceMod5 
requires five inputs namely X2, X3, X4, X5 
and X6 which are NDVI values measured at 
16, 32, 48, 64, and 80 days after 
transplanting, respectively.  The use of three 
NDVI values at the early stage of the crop 
such as in the case of RiceMod3 would 
facilitate early forecasting of the potential rice 
yield in the area. Thus, this would give 
predicted yield would serve as early basis for 
decision making. On the other hand, the use 
of more NDVI values such as the case of 
RiceMod5 ensures that the growth pattern of 
rice is captured by the model and thus may 
hypothetically give better yield estimates.  

The structure and objective function of 
the artificial neural network are shown in 
Figure 2 and were built in MS Excel with 
Solver serving as the engine of the network to 
search for the optimum weights (W, U). The 
weights (W, U) are adjusted  simultaneously 
as the sum of square error (SSE) between 
the predicted and observed rice are being 
minimized. Solver uses the quasi-Newton 
iteration technique to adjust the weights and 
consequently minimize SSE of the predicted 
and observed rice yield.  A snapshot of the 
extended network in MS Excel is shown in 
Figure 3. 
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To prevent over-fitting the observed 
data, a cross-validation procedure was 
carried out. In this procedure, the original 
data set was subdivided into two datasets, 
namely the prediction and validation data 
sets. The prediction data set, which consists 
of 70% of the original data, was used to 
optimize the weights. The remaining data 
constituted the validation data set and was 

used to evaluate the generalization ability of 
the ANN model. 

Statistical Analysis 

The performance of the models used 
to predict rice yield was calibrated and 
validated using 650 data sets. Descriptive 
statistics such as root mean square error 
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Figure 3. Snapshot of the RiceMod3 model in MS Excel. 

Figure 2. Layers and connection of the artificial neural network analysis 
used in the study  
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(RMSE), correlation coefficient (r), coefficient 
of determination (R2), Nash-Sutcliffe 
coefficient, and paired comparison test  
(t-test) were used to describe the goodness 
of fit between the observed and predicted 
rice yield in the study area. Complementary 
to these statistical tests, line and scatter 
plots were prepared to provide visual 
pictures of the distribution and goodness of 
fit between the observed and predicted 
values of the RiceMod3 and RiceMod5 
models that were developed in this study. 

RESULTS AND DISCUSSION 

Transplanting in the different 
municipalities in the province began in the 
first week up to third week of December 
2010 and harvesting ended by the third 
week of April 2011. During that time, 10 
MODIS-NDVI images were available and 
processed for this study. The change of 
NDVI values with time (days after 
transplanting) for the 650 farmers’ fields is 
presented in Figure 4.  

The mean NDVI profile indicates the 
phenological phases (vegetative, 
reproductive and ripening) of rice for the 
2010-2011 dry season. The mean NDVI 
peak value of 0.83 was observed during the 

reproductive stage of the crop while the 
lowest mean NDVI value of 0.42 was 
observed during the early vegetative phase. 
After attaining the mean NDVI peak value, 
the NDVI starts to decrease, which indicates 
the end of growing season of rice.  

The developed NDVI profile is also 
important to determine the start and end of 
the growing season of rice. As such, it can 
prove to be useful in mapping and  
monitoring the growth pattern of rice at the 
spatial scale. Likewise, the area under the 
NDVI curve may be used to quantify the 
amount of biomass stored in the crop. 

Spatio-temporal changes of NDVI 

The study area covers the whole 
province of Ilocos Norte. The province has a 
total rice area of 52,000 ha, which includes 
rainfed and irrigated areas. The spatio-
temporal changes of NDVI within the 
province were monitored using the MODIS 
satellite data. Each of the images represents 
the 16-day composite NDVI values observed 
in the area. For ease of interpreting, the 
image was classified into 10 colors, in which 
each color represents a range of NDVI 
values.  
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Figure 5 shows the NDVI images of 
Ilocos Norte during the growing the season 
of rice. It can be observed that the images 
show temporal and spatial variability in color, 
indicating differences of NDVI values over 
time and space. Temporal changes of NDVI 
values indicate different growth stages of 
crop growing in the area. On the other hand, 
spatial differences in color indicate NDVI 
variation which may represent differences of 
vegetation and health condition of the crop. 
According to Tucker (1979), NDVI is strongly 
correlated with chlorophyll content and crop 
characteristics that are directly related to 
chlorophyll content, such as green biomass 
and lead water content. Likewise, Seller 
(1985) showed that NDVI is near-linearly 
related to area-average net carbon 
assimilation and plant transpiration. Thus, 
NDVI provides a true measure of area-
average photosynthetic capacity based on 
light absorption by chlorophyll, and therefore 
of processes such as photosynthesis and 
plant transpiration that are determined by 
stomatal conduction. The variability of NDVI 
values at the spatial scale therefore could be 
used to infer health condition of the crop. A 
low NDVI value during vegetative stage of 
rice crop may indicate drought, nutrient 
deficiency, and/or occurrences of diseases. 
Normally, crops in drought condition and/or 
having nutrient deficiency are yellowish in 
color and photosynthetic activity is low, 
causing the NDVI values  to also be low. 
Moreover, crops attacked by diseases also 
may affect the plant canopy and 
consequently the NDVI value. As such, 
NDVI monitoring at a large scale may prove 
useful to improve cultural management and 
may be useful in targeting areas that need 
special attention, such as the application of 
irrigation, fertilizer, or disease control.  

Performance Evaluation of the ANN Yield 
Prediction Model 

The performance of the two ANN 
models, namely RiceMod3 and RiceMod5, 
were evaluated as to their level of 
applicability in predicting rice yield in Ilocos 
Norte. Results of the calibration and 

validation of the two models are shown in 
Table 2. 

The RiceMod3 ANN model uses three 
NDVI values observed at 16, 32 and 48 

DAT  as input variables to predict rice yield. 
Results of the calibration and validation 
showed that the model had a root mean 
square error (RMSE) of 0.303 tons ha-1 
(Table 2). The predicted and measured rice 
yield were significantly correlated (r=0.736**) 
indicating a good agreement between the 
measured and predicted rice yields. This is 
also shown in the 1:1 plot between the 
predicted and measured rice yields (Figure 
6). The coefficient of determination showed 
that the model is capable of explaining 54% 
of the variability of rice yield. The Nash-
Sutcliffe coefficient also showed that the 
model has enough adequacy to be used in 
predicting rice yield. To further confirm this 
result, the model was validated with a 
separate data set comprising 30% of the 
original data. Result revealed that the model 
had RMSE of 0.491 ton ha-1 which is slightly 
higher compared during the 

calibration.   Despite the higher RMSE values 
obtained, the predicted and measured rice 
yields were highly correlated (r = 0.484**). 
These results confirm the adequacy of the 
model to be used in predicting rice yield 
using NDVI values observed during the  early 
vegetative stages of the crop. 

The RiceMod5 ANN model uses five 
NDVI values observed at 16, 32, 48, 60, and 
72 DAT as input variables to predict rice 
yield.  Results of the calibration showed that 
incorporating additional predictors to the 
model has improved its predictive capability 
as indicated by lower RMSE (0.232 ton ha

-1
) 

and higher R and R2. Such result is also 
shown in Figure 7. With the additional 
parameters included as model input, the 
model can be used to explain 73% of the 
variability in rice yield. Such improvement in 
the model’s predictive capability, however, 
did not manifest during the validation. 
Nonetheless, positive NSE values in the 
results of both the calibration and validation 
showed adequacy and reliability of the model 
to predict rice yield.  
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Table 2.  Test statistics of the performance of the two ANN rice yield prediction models 
during calibration and validation 

*, ** - significant at 5 % and  1% probability level, respectively 

Statistics RiceMod3 RiceMod5 

   -------------------------------Calibration------------------------------- 

RMSE (tons ha-1) 
0.303 0.232 

R 
0.736** 0.855** 

R2 
0.542** 0.732** 

NSE 
0.542 0.732 

   -------------------------------Validation-------------------------------- 

RMSE (tons/ha) 0.491 0.586 

R 0.484** 0.326** 

R2 0.234* 0.106 

NSE 0.010 0.910 

Figure 6. One to one plot of the measured 
and predicted yield during 
calibration and validation of the 
RiceMod3 ANN model 

Figure 7. One-to-one plot of the measured 
and predicted yield during calibra-
tion and validation of the Rice-
Mod5 ANN model 
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Comparing the results of the two 
models, it can be shown that the two models 
form a hierarchy in predicting rice yield, with 
the model with more input parameters 
having the better performance. RiceMod3 is 
useful in predicting the potential yield in 
advance. As such, it may prove useful in 
adjusting management practices to improve 
the expected yield if the expected yield is 
below the potential yield of the crop.  
RiceMod5, on the other hand, may be useful 
in providing timely prediction of crop yield 
over large areas and can also be used as an 
alternate method for crop yield survey. 

SUMMARY AND CONCLUSION 

This study explored the potentials of 
the ANN model for developing rice yield 
prediction systems using multi-temporal 
satellite data. Two ANN rice yield prediction 
models, namely RiceMod3 and RiceMod5, 
were developed. The results showed that 
the two ANN models were quite efficient in 
capturing the complex relationship between 
rice yield and crop spectral signature as 
indicated by their NDVI values measured at 
different growth stages of the crop. 

Results showed that RiceMod3 and 
RiceMod5 were capable in predicting yield 
with R2 values of 0.542 and 0.732, 
respectively.  The ability of RiceMod3 to 
reasonably forecast the expected rice yield 
some time ahead of the harvesting date 
provide some opportunities for a farm 
manager to make decisions before harvest. 
As such, it may prove useful to use the 
model to provide farm advisories. The 
RiceMod5 on the other hand may prove 
useful to provide timely prediction of crop 
yield over large areas and could be used as 
an alternative method for crop yield 
survey.The  model may also be useful to 
analyze yield gap of rice crops.  

With the promising potential of the 
developed model in predicting rice yield, 
scaling up  the model to include different 
cropping season and different climatic zones 
in the country is being undertaken.  
Likewise, additional parameters such as 

climatic parameters, soil characteristics, and 
cultural management practices are being 
explored to be incorporated into the model to 
further improve its adequacy and reliability.  
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