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ABSTRACT. This paper deals with the opportunities of the use of artificial intelligence 
methods for the modelling of post-harvest processes. The main emphasize is given to the 

use of artificial neural network (NN) modelling especially for grain drying as a widely 

applied dehydration technology. The aim of the study was to set up a neural network in 
order to determine the relationship between the moisture distribution in the material bed 

to be dried and the physical parameters of the drying air temperature, humidity and air 

flow rate. An overview is given on the selection aspects of neural network structure and 

specifically to the influencing parameters as sampling time, randomised training, 
different training algorithms, number of hidden neurones, number of linked data series 

and type of validation data. As a conclusion it has been stated that a properly selected 

structure of neural network model can be used to determine the moisture distribution in a 
fixed-bed grain dryer. It can also be stated that besides other factors the selection of 

training and validation input data for NN model has a strong influence on the 

applicability. 
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1 Introduction 

 

The main problem in the dehydration process is to determine the moisture content in the 

material bed. Especially during the dying process, the overdrying requires excessive 
energy and even can damage the quality of the dried material, especially in case of seed. 

On the other hand the grain will be vulnerable to mildew if the moisture content remains 

high. 

 
There is an option to determine the moisture content in the drying bed by measurement 

but the accuracy of this approach is probably not satisfactory. Weather conditions and 

dust have a great effect on the accuracy, as well. Another way to determine the moisture 
distribution is to calculate the moisture content based on drying air parameters using 

physically based or black-box models. Physically based models give a moderately good 

result in most cases but it takes an effort to identify their parameters and also to solve the 
model. Derivation of the classical black-box models seems to be an uncomplicated 

approach. However, the application of such models is mainly limited to process control 

purposes. 

 
This paper overviews the opportunities concerning to the use of artificial intelligence 

methods for the modelling of grain drying processes. Among the different methods 

(neural network, Fuzzy modelling, genetic algorithm, etc) the main emphasize is given to 
the use of artificial neural network (ANN) modelling especially for grain drying as a 

widely applied dehydration technology (Fathi, 2011; Gorijan et al., 2011; Jumah, R. and 

Mujumdar, 2005; Omid et al., 2009). The literature listed in this paper justify additional 

activities concerning to the application of artificial neural networks for modelling of 
dehydration processes. 

 

The artificial neural network is a well-known tool for solving complex problems and it 
can give reasonable solutions even in extreme cases or in the event of technological 

faults. The aim of the study is to show how to set up a neural network model in order to 

determine the relationship between the moisture distribution in the material bed and the 
physical variables as drying air temperature, air humidity and air flow rate. 

 

 

2 Materials and Methods 

 

In this paragraph the physically based and the neural network modelling approaches are 
introduced as possibilities for application of post-harvest processes. Additionally the 

training and validation of neural network are discussed in details. 

 

2.1 Modelling approaches 
 

As a classical way of modelling the physically-based models (PBM) are normally used 

for determine the performance evaluation of post-harvesting processes. However the 
PHBs makes some difficulties in setting up the most appropriate equations, to determine 

the accurate values of their parameters and to find the most efficient methods for the 

solution. At the same time we are discussing the option of the use of ANN for modelling 
purposes along with their uncertainties and difficulties in determination their optimal 

topology and parameters for the given problem, e.g. post-harvest technology this time. 

http://www.tandfonline.com/action/doSearch?action=runSearch&type=advanced&result=true&prevSearch=%2Bauthorsfield%3A%28Jumah%2C+Rami%29
http://www.tandfonline.com/action/doSearch?action=runSearch&type=advanced&result=true&prevSearch=%2Bauthorsfield%3A%28Mujumdar%2C+Arun+S.%29
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Sometimes, in order to provide input data for training the neural network a well identified 

physically based model are considered to use instead of full-scale or laboratory 
measurements. Furthermore we are considering the above mentioned modelling 

approaches in the above mentioned context. 

 
Simulation trials with different number of layers were performed until the differences 

between the last two trials in temperature and moisture content of the middle layer were 

less than 1
o
C and 1%, respectively. The moisture content comparison result can be seen 

in Fig. 1. It can be seen that the temperature differences between 9 and 27 layers remain 

in practically acceptable range. 
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Fig. 1. Temperature distribution in drying bed using different layer numbers 

 
Different type of ANN topologies can be considered for the use of modelling the drying 

process as it was suggested by Farkas (2013). The choice of a topology depends on 

careful selection of the input system variables and the controlled output variables e.g. 
moisture contents in the different layers of the material bed. A typical structure of ANN 

shown in Fig 2 which can be used for the estimation of the moisture distribution in the 

bottom, middle and top part of the drying zone based on the mass flow rate and the inlet 

and outlet temperatures and humidity of the drying air. 
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Fig. 2. Typical ANN structure for modelling of the moisture content in the drying bed 
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In the Fig. 4 the following notations are used: 
 

m  air flow rate [kg m
-2

 s
-1

] 

to ambient air temperature [ C] 

ti inlet air temperature from the previous layer [ C] 
xo ambient air humidity [kg kg

-1
] 

xi inlet air humidity from the previous layer [kg kg
-1

] 
Xb material moisture content in the bottom material layer [kg kg

-1
] 

Xm material moisture content in the middle material layer [kg kg
-1

] 

Xt material moisture content in the top material layer [kg kg
-1
] 

 

A methodology is given on the selection aspects of neural network structure and 

specifically to the main influencing model parameters as sampling time, randomised 

training, different training algorithms, number of hidden neurons, number of linked data 
series and type of validation data. 

 

2.2 Training and validation of neural networks 
 

Input data used for training the neural network are shown on Fig. 3. The drying air 

temperature, air flow and absolute humidity were changed randomly to train higher order 

dynamics, as well. 
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Fig. 3. Input data applied for training 
 

 

For validation constant and multi-flow data were chosen the constant as because the real 

industrial post-harvest processes. The validation data for multi-flow dryer were taken 
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from outside weather parameters. The air flow was switched between two states to 

simulate intermittent drying, the air temperature and humidity was considered based on 
weather condition. 

 

Comparing the different training and validation results the average deviation and the 
maximum difference were applicable to use. The average deviation was defined as: 

 

 s

X X

n m
a

ij ij

j

m

i

n

 2

11
, (1) 

where n is the number of output variables which means three moisture contents (Xb, Xm, 

Xt) in our case. m is the number of training data pairs and X ij  and X ij  are the 

corresponding moisture contents of training and the ANN outputs. 
 

The maximum difference was defined as: 

 

 d X Xm ij ij

j
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. (2) 

 
 

3 Results and discussion  

 
A study has been carried out on validation of the ANN model along with the influences 

different parameters as the sampling time, the randomised training, the different training 

algorithms, the number of hidden neurones, the number of linked data series and the type 
of the data as it was suggested by Farkas et al. (2013).  

 

In the recent experiment a three layer feed-forward neural network with six hidden 

neurones was used. The ANN contained also delayed feed-back from the output to the 
input. 

 

There were several trials to train and validate the ANN with different (constant, slow and 
fast random) type of data. 

 

As an example the influence of linked data series is shown in details in Fig. 4 for different 
type of training processes. The result shows that increasing the number of linked data 

series for training increases the accuracy of the NN model. Fast random signals caused 

the largest fluctuation at low number of linked data series. The overall average deviation 

in moisture content in all three cases was around 1% which seems to be a very reasonable 
result. 
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Fig. 3. Influence of linked data series in case of different signals 

 
Fig 4 shows an example of validation results for the case of constant random trainings 

and validations for the case of 9 linked data series. 

 

0 1 2 3 4 5
0.05

0.1

0.15

0.2

             PBM              NN

topmiddle

bottom

0.25

0.3

0.35

time [hour]

X [kg kg
-1

]

 
 

Fig. 4. Result of constant training and validation 

 

Table 1 shows the maximum differences in the validations using different type of input 
data. From the Table it can be observed that the case of slow random training gives 

reasonable good result for both constant and fast random validations. Constant training 

gives the worse result for the case of fast validation signal. 
 

Table 1. Maximum difference of cross validation using different type of input data 

Training Validation 

constant slow fast 

constant 0.0186 0.0355 0.0729 

slow 0.0122 0.0200 0.0216 

fast 0.0239 0.0222 0.0257 
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According to the final discussion in the ANN method a large number of data pairs, 
randomised training pairs are strongly recommended to use. The number of neurones in 

the hidden layer always should be selected in an optimal way. The type of training and 

validation input data for ANN model has a strong influence on the applicability. It was 
observed that a certain number of training data series should be linked together and used 

as a virtual process in ANN modelling. It can be also stated that the slow training signals 

provide reasonably good result even for constant and fast validation inputs. 
 

 

 

4 Conclusions 

 

On the basis of the study carried out in this paper it can be concluded that the ANN model 
can be used effectively during post-harvest processes especially for estimation the 

moisture distribution along the depth in a fixed-bed dryer. The outputs of the neural 

network however are much more sensitive to the changes of the inputs than they are in 

the case of physically based model. 
 

As a conclusion it can also be stated that the selection of training and validation input 

data for ANN model has a strong influence on the applicability. The most important 
additional factors are the number of the data pairs, applying randomized data pairs or not, 

number of hidden neurones in the hidden layer of ANN and linked data series.  
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