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ABSTRACT: The aim of this study was to examine energy use pattern and predict the output yield for 
alfalfa production in Lorestan  province of Iran.  The data used in this study were collected from growers 
by using a face to face survey. The results revealed that diesel fuel (43.36%), electricity (24.25%) and N 
fertilizer (12.42%) consumed the bulk of energy. Energy use efficiency, energy productivity and net 
energy were found to be 4.83, 0.27 and 190383.09 MJ ha-1respectively.  In this study, several direct and 
indirect  factors have been identified to create an artificial neural networks (ANN) model to predict alfalfa 
production. The final model can predict output yield based on  human power, machinery, diesel fuel, 
chemical fertilizer, water for irrigation, seed and chemical poisons. The results of ANNs analyze showed 

that the (7‐12‐12‐1)‐MLP, namely, a network having 12 neurons in the first and second hidden layer was 
the best‐suited model estimating the alfalfa production. For this topology, R2 and RMSE were 0.0457, 
and 96%, respectively. 
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INTRODUCTION 
 

 Alfalfa  (Medicago sativa L.)  is one of  the most  important forage  crops  that  in  addition  to  forage  
production  have important  effects  in  N  fertilizer  and  soil  amplification. Growing  legumes offers  the opportunity  
to add N  to  the soil system biologically (Entz et al., 2002) which reduces fossil  fuel  costs associated with mineral  
fertilizer. Alfalfa is  the  major  forage  crop  in  Iran (Anonymous, 2010). Energy use in agricultural production has 
become more intensive due  to the use of fossil fuel chemical fertilizers, pesticides,  machinery  and  electricity  to  
provide  sub-stantial increases in food production. The vast majority of energy  used  in  crop  production  is  in  the  
form  of  fossil fuels (Fluck & Baird, 1980). Energy consumption should account for all energy inputs, including  
energy  to  manufacture  farm  machinery, fertilizer, pesticides and energy embodied in diesel fuels, electricity  and  
seed.  The  second  component  of  the energy balance  is energy output.   By all accounts,  food energy output will 
need  to  increase  in  the  future  in order to satisfy a growing human population (Smil, 2005). Artificial neural 
networks (ANNs), another AI method, was used according to the natural neural network of human brain. Many 
researchers have reported the proper ability of ANN versus regression method such as study done by Rahimi & 
Abbaspour (2011). They used artificial neural network and stepwise multiple range regression methods for 
prediction of tractor fuel consumption. Their results showed that ANN provided better prediction accuracy 
compared to stepwise regression.  
Regarding  to  the  energy  scarcity  and alfalfa  importance in Iran,  this study was carried out  to develop a best 
ANN  S in order to forecast output energy for alfalfa  production in Iran. 
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2.Material and methods 
 
       2.1. Study Area and Energy Used Assessment 
  
     This  study  was  conducted  in  order  to  determine  the  amount  of  energy consumption  for  alfalfa  
production  and  develop  an  ANN  to  predict  output energy in Lorestan province of Iran. The data was collected 
from 100 alfalfa growing farmers. For  collecting  the  proper  data  covering  the  energy  consumption  pattern, 
appropriate  questionnaires was  designed  and  completed  through  face  to  face interviews.  
   The amount of different inputs were evaluated per hectare and multiplied by their energy equivalents. Inputs in 
alfalfa  production included: human labor, machinery, diesel fuel,    farmyard manure, chemical fertilizer, seed, 
chemicals and electricity. The output was considered alfalfa. Basic information on energy inputs and alfalfa yield 
were entered into  Excel  spreadsheets  and  then  energy  equivalent  were calculated according Table 1. 
 
 

Table 1. Energy equivalent of inputs and output in agricultural production. 

Reference 
Energy equivalent 
(MJ unit-1) 

Unit Inputs (unit) 

   A. Inputs 

(Mobtaker et al., 2012) 1.96 h 1. Human labor 
(Nabavi-Pelesaraei et al., 2013) 62.70 h 2. Machinery 
(Barber, 2003) 56.31 L 3. Diesel fuel 
  kg 4. Total fertilizers 
(Mousavi-Avval et al., 2011) 66.14  (a) Nitrogen 
(Unakitan et al., 2010) 12.44  (b) Phosphate 
(Pahlavan et al., 2011) 11.15  (c) Potassium 
(Nabavi-Pelesaraei et al., 
2014a) 

0.3 kg (d) Farmyard manure 

  kg 5. Chemicals 
(Nabavi-Pelesaraei et al., 
2014a) 

199  (a) Pesticide 

(Ozkan et al., 2004) 92  (b) Fungicide 
(Hamedani et al., 2011) 1.02 m3 6. Water for irrigation 
(Hatirli et al., 2006) 3.6 kWh 7. Electricity 
   B. Output 
(Nagy, 1999) 17.77 kg Alfalfa 

 
                   The input and output were calculated per hectare and then, these input and output data were multiplied 
by the coefficient of energy equivalents. Following the calculation of energy input and output values, the energy use 
efficiency, energy productivity and specific energy were determined (Mohammadi et al., 2008): 
          

)ha (MJinput Energy 

)ha (MJoutput Energy 
 efficiency useEnergy 

1-

-1


             

 (1) 

)ha (MJinput Energy 

)ha (kgoutput  Grape
ty productiviEnergy 

1-

-1


 

(2) 

)ha (kgoutput  Grape

)ha (MJoutput Energy 
energy  Specific

1-

-1


 

(3) 

)ha (MJinput Energy  - )ha (MJoutput Energy  energy Net -1-1  
(4) 



Intl J Farm & Alli Sci. Vol., 5 (3): 253-259, 2016 

 

255 
 
 

     The energy use efficiency is the ratio between the output products and the total sequestered   energy in the 
production inputs. The energy use efficiency gives an indication of how much energy was produced per unit of 
energy utilized. The energy productivity provides quantitative data on how much alfalfa is obtained per unit of input 
energy. The specific energy provides quantitative data on how much input energy is consumed per unit of alfalfa  
yield. 
 
      2.2. Artificial Neural Network  
      One  type  of  network  sees  the  nodes  as  ‘artificial  neurons’.  These  are called  artificial  neural  networks  
(ANNs).  An  artificial  neuron  is  a computational model  inspired  in  the natural neurons. Natural neurons  receive 
signals  through  synapseslocated on  the dendrites or membrane of  the neuron. When  the signals received are 
strong enough (surpass a certain  threshold), the neuron  is activated  and  emits  a  signal  though  the axon. This  
signal might be sent to another synapse, and might activate other neurons. The  complexity  of  real  neurons  is  
highly  abstracted  when  modeling artificial neurons. These basically consist of  inputs  (like  synapses), which are 
multiplied by weights (strength of the respective signals), and then computed by a  mathematical  function  which  
determines  the  activation  of  the  neuron. Another  function  (which  may  be  the  identity)  computes  the  
outputof  the artificial  neuron  (sometimes  in  dependence  of  a  certain  threshold).  ANNs combine  artificial  

neurons  in  order  to  process  information. Fig. 1 shows the topology of a simple, fully connected three‐layer MLP 
network with 6‐8‐4 topology.  
 

 
 

Fig.  1. shows the topology of a simple, fully connected three‐layer MLP network with 6‐8‐4 topology 
 
      In  this  research,  we  examined  several  networks  with  different  architectures  using  MATLAB R2013a.   
multilayer perceptrons  (MLP) was  examined  by  changing  the  number  of  hidden  layer, neurons  and  training  
algorithms.      algorithm,  Levenberg Marquart  (LM) was used  as  training  algorithm. 70% of  collected data  in 
this study was used for training, 15% for cross validation and 15% for test.  Energy  consumption  in  the  form  of  
machinery,  diesel  fuel,  fertilizer, chemical, seed, irrigation and human power were defined as input columns and 
output energy  was defined as desired output.  In order not to saturate the condition of the neurons, data 
normalization is required.  If  neurons  get  saturated,  then  the  changes  in  the  input  value  will produce a very  
small change or not change at all  in  the output value. For  this reason, data must be normalized before being 
presented  to  the artificial neural network. Data normalization compresses the range of the training data between -
1 and 1. The normalization was carried out by the following expression: 
Xnorm =(XO-Xm)/(Xmax-Xmin)                                                                                           (5) 
  
     Where  Xnorm   is  the  value  of  the  normalized  data  and  Xmin and Xmax  are  the minimum and maximum, 
Xm is ayerage  of the entire data set, respectively (Perea et al., 2009).   
 
      In an ANN, neurons are grouped in layers. In complex problems more than one layer is necessary; these neural 
networks are called multilayer neural networks whose most prominent representative is the multilayer perceptron 
(MLP). The layers between the input layer and output layers are called hidden layers; signals are sent from input 
layers through hidden layers to the output layer. In some networks, the output of neurons is feed back to the same 

Input layer 

Hidden layer 

Output layer 
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or previous layers (Xing and Pham, 1995). In most studies, a feed‐forward Multi‐Layered Perception (MLP) 
paradigm trained by a gradient descent learning method is used. Due to its documented ability to model any 
function, a MLP has been selected to develop apparatus, processes, and product prediction models more than 

other feed‐forward networks (Kermanshahi & Iwamiya, 2002). Each neuron in an MLP is connected to other 
neurons in a previous layer and the next layer through adaptable weights (w) which are the parameters of a 
network. Initially the values of these weights are set randomly. The networks use different learning methods to 
adjust these connection weights during the learning process. In the processing of inputs by the network, the signals 
(inputs) from a preceding layer are multiplied by the weights of their corresponding connections. Each neuron in the 
first layer (hidden layer) processes the weighted inputs through a preceding layer are multiplied by the weights of 
their corresponding connections. Each neuron in the first layer (hidden layer) processes the weighted inputs 
through a transfer function to produce its output. The transfer functions may be a linear or a non‐linear function. 
There are several transfer functions, such as Logistic, Hyperbolic tangent, Gussian, and Sine. The output depends 
on the particular transfer function used. This output is then sent to the neurons in the next layer through weighted 
connections and these neurons complete their outputs by processing the sum of weighted  inputs through their  
transfer functions.  When this layer is the output layer, neuron output is the predicted  output (Safa  et  al., 2011). In 
general, the dataset is randomly divided into training and validation sets. Training data is used during training when 
the weights are adjusted. Validation set is used for testing the generalization ability of the trained model on 
previously unseen data. The data consist of a set of inputs selected for representing a problem (input vector) and 
the corresponding output. Together, an input vector and the corresponding output make a training vector (Safa 
et al., 2011).  
      Multilayer perceptrons (MLP) are layered feed forward network typically trained with static back propagation. 
Their main advantage is that they are easy to use, and  that  they  can approximate any  input/output map  
(Houshyar  et al., 2010).  
The root mean square error (RMSE) is one of the most common measures used to forecast accuracy in artificial 
neural network. It is an average of the squares of the difference between the actual observations and those 
predicted.  
The R MSE can be written as:  
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      where ‘ti’ and ‘zi’ are the actual and the predicted output for the ith training vector, and ‘N’ is the total number of 
training vectors [13]. 
      The coefficient of determination (R2) which show the mean ratio between the error and the experimental values, 
are defined as: 
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      where ‘n’ is the number of the points in the data set, and ‘t’ and ‘z’ are actual output and predicted output sets, 
respectively. Basic information on energy inputs and output of alfalfa production was entered into Excel 2010 
spreadsheets and Matlab 7.2 (R2013a) software package. 
 
3. Results and discussion  
 
       3.1.Energy Consumption Analysis 
 
      The  inputs  used  in  alfalfa  production in  Table  2, The amount  was  reported  for  diesel  fuel  (43.36%),  
electricity (24.25%), and nitrogen fertilizer (12.42%) respectively. The  similar  results were  reported  in  literature  
that  the energy  input  of  diesel  fuel  has  the  biggest  share  of  the total  energy  input  in  alfalfa  production  
.Such  as greenhouse  vegetable  (Ozkan  et  al.,  2004),  cucumber (Mohammadi & Omid, 2010) and  apple  
(Rafiee et al., 2010). The energy  inputs of chemicals and seeds were  found to  be  quite  low  compared  to  the  
other  inputs  used  in production. The energy of output equivalent was calculated to be 240070 MJha−1.  
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Table 2. Amounts of inputs, output and energy inputs and output for Alfalfa 
production in Lorestan, Iran. 

Percentages 
(%) 

Total energy equivalent 
(MJ ha-1) 

Inputs (unit) 

  A. Inputs 
1.25 621.16 1. Human labor (h) 
5.18 2574.43 2. Machinery (h) 
43.36 21548.63 3. Diesel fuel (L) 
  4. Total fertilizers (kg) 
12.42 6174.88 (a) Nitrogen 
1.49 741.62 (b) Phosphate 
3.38 1680.72 (c) Potassium 
- - (d) Farmyard manure 
0.32 160 5. Chemicals (kg) 
      8.31 4132.13 6. Water for irrigation 
24.25 12053.34 7. Electricity 
100 49686. 91 The total energy input (MJ) 
  B. Output 
 240070 Grape (kg) 

 
          The  energy  use  efficiency,  specific  energy,  energy productivity and net  energy of alfalfa  production  
were  shown  in  Table  3. Energy efficiency  (energy  output-input  ratio)  in  this  study  was calculated  4.83,  
showing  the  affective  use  of  energy  in the  agroecosystems  alfalfa  production. Similar  results such  as  0.64  
for  cucumber  (Mohammadi  &  Omid, 2010), 2.86 for barely production (Mobtaker et al., 2010), 1.04  for  chickpea  
(Salami & Ahmadi, 2010), 2.12 and 2.05  for  organic  and  nonorganic  lentil  respectively (Asakereh  et  al.,  2010)  
have  been  reported  for  different crops. Specific  energy was  3.67 MJkg-1  this means  that 3.67  MJ  is  needed  
to  obtain  1  kg  of  alfalfa.  Energy productivity calculated as 0.26 KgMJ-1  in  the study area. This  means  that  
0.26  kg  of  output  obtained  per  unit energy. 
 
Table 3 
Quantity of energy forms and input-output ratio for alfalfa production in Lorestan, Iran. 

Quantity Unit Items 

49686.91 MJ ha-1 Inputs energy 
240070 MJ ha-1 Output energy 
13509.84 Kg ha-1 Forage yield 
4.83 - Energy use efficiency 
0.26 kg MJ-1 Energy productivity 
3.67 MJ kg-1 Specific energy 
190383.09 MJ ha-1 Net energy gain 

 
    3.2.ANN Energy Prediction  
 
 Several ANN were designed,  trained and generalized for  prediction  of    alfalfa production. The  results  of  
test  obtained from the 24 models and their characteristics are showed in Table 4. The  results  indicated the ANN 
including one input  layer with 7 inputs, two hidden  layers  with  12  neuron  of  each  layer  and  one layer  with  
one  output  based  on  back propagation  algorithm  under  Levenberg-Marquardt learning  algorithm  had  the  
best  performance  for modeling. In other word, the ANN model with 7-12-12-1. 
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Table 4.  ANN models of alfalfa prediction for different arrangement 

Neurons of 
hidden 

Hidden 
layers 

RMSE R2 

2  1 0.1453 0.6831 

4  1 0.1032 0.8508 

2  2 0.1735 0.4558 

4  2 0.0730 0.9252 

6  1 0.0140 0.9357 

8  1 0.142 0.9076 

6 2 0.0867 0.8949 

8 2 0.1369 0.7335 

10 1 0.570 0.5620 

12 1 0.1756 0.9040 

10 2 0.05759 0.9080 

12 2 0.00457 0.9600 

14 1 0.2423 0.8976 

16 1 0.1568 0.7352 

14 2 0.3638 0.5627 

16 2 0.0680 0.90 
 
 For this topology, RMSE and R2 were 0.00457 and 96%, respectively Rahman & Bala (2010) reported that a 
model consisted of an input layer with six neurons, two hidden layers with nine and five neurons and one neuron in  
the  output  layer  was  the  best  model  for  predicting  jute  production  in Bangladesh. Mohammadi et al. (2010) 
developed an ANN model between input energies and the yield value of kiwifruit production in Mazandaran 
province of Iran. They used annual energy consumption per hectare of  fruit production by different  inputs  as  
input  variables  and  the  yield  level  of  fruit  as  output parameter.  From  this  study  they  concluded  that  the  
ANN model  with  6-4-1 structure  was  the  best  model  for  predicting  the  kiwifruit  yield  in  surveyed region. 
Pahlavan  et  al.  (2012)  used  Artificial  Neural  Network  model  for predicting  greenhouse  basil  production  in  
Iran.  Results  showed,  the  ANN model  having  7-20-20-1  topology  can  predict  the  yield  value  with  higher 
accuracy.  
    The  desired  and  actual  network outputs are shown in Fig. 2. 
 
 

 
Fig. 2. Desired and actual network outputs for MLP with R2 
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4. Conclusion 
  
    This  study  was  conducted  in  order  to  determine  the  amount  of  energy  
consumption  for alfalfa production and develop an ANN  for predicting output energy in lorestan province of Iran. 
The following conclusions are drawn:  
1.  Total  energy  input  and  output  in  alfalfa  production systems  were  49686.91  and  240070  MJha-1.That  the 
highest share, of this amount was reported for diesel fuel, electricity, and nitrogen  fertilizer  (43.36, 24.25, and 
12.42%) respectively.  
2. The energy use efficiency, energy productivity, specific energy,  net  energy  of  alfalfa  production  systems  
were 4.83, 0.26 3.67 and 190383.09 MJ ha_1 respectively.   
3. Using Artificial Neural Network (ANN) for this prediction revealed that the optimal network for this study were 
MLP with 7-12-12-1  topology  and LM  training  algorithm with R2= 0.96  and RMSE= 0.00457  
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