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ABSTRACT  
Thermal conductivities (TC) of porous media are 

among the most important information for 

hydrocarbon bearing reservoir thermal simulation and 

assessing the efficiency of thermal enhanced oil 

recovery process, both for the scientific purposes and 

engineering design. In the present study a novel 

method for estimation of effective TCs of dry 

sandstone at a wide range of pressure and 

temperature has been proposed. Multi-layer 

perceptron neural network (MLPNN) with optimal 

configuration was employed to model the effective 

TCs of sandstone as a function of temperature, 

pressure, porosity and density. Statistical error 

analysis confirmed that a MLP network consisting of 

only one hidden layer composed of fifteen neurons 

exhibited the best generalization results and therefore 

can be considered as an optimal topology. The 

capability of the optimal MLPNN model was 

validated and benchmarked by its application to 

experimental effective TCs which were collected 

from various literatures. The collected experimental 

data were randomly divided into two training and 

testing data set. Application of the optimized MLP 

model for 255 experimental effective TCs data gave 

an absolute average relative deviation percent 

(AARD%) of 3.63% and 4.47% for the training and 

testing subsets respectively. The proposed model also 

indicated the 0.97427 for the square of the correlation 

coefficient (R
2
) over total data set. Furthermore, the 

predictive capability of the proposed technique was 

compared with that of conventional recommended 

model in the literature. The comparison of the results 

showed that the proposed neural network is superior 

to the considered method, with respect to accuracy 

as well as extrapolation capabilities. The results 

justify that the proposed optimal MLPNN model can 

simulate the effective thermal conductivity of 

sandstones with acceptable error and present 

excellent agreement with experimental data. 

NOMENCLATURE 
 

jb  bias of j
th

 neuron 

f transfer function  

k Effective Thermal conductivity 

k
 

average value of the experimental effective  

TCs data 

cal.

i
k

 

predicted effective TCs of the developed ANN  

model 
exp.

i
k

 
i
th

 experimental value of the effective TCs 

N
 

Number of experimental data points 

jn  output of j
th

 neuron 

xr entry information of each neuron 

wjr weight from neuron r to neuron j 

 

INTRODUCTION  
The effective thermal conductivity of porous media 

is one of the most important thermo-physical 

properties for analysis of heat transfer in the oil and 

gas bearing reservoirs. Heat transfer in most porous 

media is concerning with three different phenomena 

(1) thermal conduction through the solid as well as 

liquid bulks (2) radiation across the pore spaces (3) 

convection through the pore spaces. The necessity of 

the TCs data are essentially revealed during 

mathematical modeling and computer analysis of 
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heat transfer through porous media especially for 

thermally based reservoir simulation. It can be said 

that the thermal conductivities have undeniable 

effects on the efficiency of the thermally recovery 

process. Importance of the effective thermal 

conductivities of dry as well as fluid-saturated porous 

materials in various scientific disciplines such as 

petroleum and natural gas geology [1–4] underground 

thermal energy sources [5-6] and composite 

substances [7–9] have been widely investigated. 

Thermal conductivities of fluid-saturated sandstones 

often are measured on remolded or reconstituted oil 

sand cores in normal environmental conditions of 

room temperature and atmospheric pressure. A 

transient state thermal test cell which developed by 

Seto [10] have been widely used to quantify the 

thermal conductivity of oil-saturated sandstone 

samples as a function of temperature, pressure and 

fluid saturations. More detailed information about the 

apparatus and its analysis procedures can be found in 

work done by Scott and Seto [11] and Hepler and Hsi 

[12]. The transient state thermal conductivity cell has 

greatly reduced the effects of thermal convection on 

the thermal conductivity measurements and led to its 

higher accuracy. 

Accurate measuring of thermal conductivity of 

porous media is not easy and often is a very time-

consuming process. Moreover the cost and expense 

of doing properly replicated experiments prohibit 

measuring the thermal conductivity of a given rock 

over the desired conditions of temperature and 

pressure. While accurate measuring of thermal 

conductivity of sandstones is difficult, a great deal of 

effort has gone into deriving some theoretical or 

empirical correlations to relate thermal conductivity 

to more easily measured properties of rock systems. 

Various proposed correlations for modeling the 

thermal conductivity can be categorized in two 

general types: (1) Some strictly empirical models 

derived in such ways which relate thermal 

conductivity to other more easily-measured physical 

properties through using of regression analysis to 

experimental data (2) General theoretical models 

which have been developed based on the fundamental 

mechanisms of heat transfer through simplified 

geometries. Somerton [13] has extensively reviewed 

these types of models and other research works 

presented in these areas. 

Beyond laboratory measurements, the 

abovementioned theoretical or empirical methods 

also have some shortcomings such as developing 

models may be appropriate only to the specific region 

of rocks being investigated. Applying such 

correlations to different suites of rocks can lead to 

substantial errors [14-16]. Various types of 

simplifications which have been made to obtain a 

theoretical correlation often introduce some errors 

[14-16]. 

It can be said that deriving reliable and precise 

analytical correlations that can explain highly non-

linear behavior of effective thermal conductivity 

among more easily measured properties of rock 

systems are often difficult and sometimes 

impossible. 

In such cases where precise analytical or semi-

experimental correlation are unavailable, other faster 

and more accurate black box models which are 

generally based on the artificial intelligence 

techniques, such as artificial neural network (ANN), 

get high attraction. ANNs received more popularity 

and considerable interest because of their non-

linearity, massive parallel connections, multiple 

input-output variables, non requirement of 

assumptions about the functional form of the model 

and also tolerant noisy data [17-18]. In addition, the 

greatest advantage of an ANN is eliminating the 

complex equations and replacing them with some 

matrix and transfer functions [19]. 

The modeling based on ANN does not require exact 

formulation of relations between dependent and 

independent information and is free of assumption 

about the parametric nature of the related 

parameters. 

In the present work, a good deal of effort has gone 

into developing a systematic procedure based on 

artificial neural network for prediction of effective 

thermal conductivity of sandstone from more easily 

measured properties of the system such as 

temperature, pressure, porosity and density of 

sandstone. 

 

2. ARTIFICIAL NEURAL NETWORK 
Artificial neural networks are nonlinear learning 

mathematical approach which was widely utilized 

for data processing, process analysis and control, 

fault detection and pattern recognition [18]. 

MLPNNs with totally feed-forward connections and 

back-propagation learning algorithm are among the 

most widely used ANNs models which are being 

extensively used in various fields of science and 

engineering up to now [19-21]. These networks are 

capable to correlate inputs and outputs of most 

nonlinear multi-variable phenomena with any 

complexity even in situation that no theoretical or 

empirical correlations exist for them. They are 

composed of a large number of key processing 
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elements that are connected together in a specified 

manner according to the type of the network. These 

processing units by inspiring the biological neurons 

are called neurons. The output of any artificial neuron 

can be mathematically computed using Eq. (1): 

)bxw( fn jr

N

1r

jrj  


 
(1) 

 

As can be understood from Eq. (1), the input signals 

to each neuron are weakened or strengthen through 

their multiplication to weight coefficients (wjr). The 

biases (bj) are activation thresholds that are added to 

the production of inputs (xr) and their particular 

weight coefficients. The net output of each neuron 

passes through a function which is often called 

activation or transfer function (f) of the neuron. 

Different types of transfer functions have been 

proposed for artificial neural networks such as linear, 

radial basis, logarithmic sigmoid and hyperbolic 

tangent sigmoid transfer functions [18]. In the present 

study, the following function is employed as the 

transfer functions in input as well as output layer: 

 

)x(exp1

1
(x)f




  

 (2) 

 

The correlation indicated by Eq. (2) is usually called 

log-sigmoid transfer function. This transfer function 

compresses the net output of each neurons into 

intervals [0 1]. The differentiability of the transfer 

functions is an important characteristic, which 

determines the capability of gradient-based training 

algorithms to optimize the weights and biases. The 

differentiability nature of logarithmic sigmoid 

function combined with its nonlinearity and 

continuity can provide the best conditions for 

learning algorithm to adjust the parameters of 

neuromorphic model and derived the best correlation 

between input and output data with any complexity.  

 

2.1 Proposed methods for selecting the 

optimal topology of ANN 
The most important issues in development of any 

ANN model are specifying the optimal number of 

hidden layers and the number of neurons per each 

layer. Although back-propagation can be applied to 

networks with any number of layers it has been 

mathematically proven that any multivariable 

function with arbitrary discontinuities can be 

approximated with desired accuracy using the 

MLPNN with only one hidden layer provided non-

linear transfer functions (sigmoid) in its hidden units 

[22-25]. Cybenko [24] proved his theory using the 

Hahn-Banach theorem [26] while the proof of 

Hornik et al. [22] is based on the Stone-Weierstrass 

theorem [26] and Funahashi [23] proved the same 

problem using an integral formula. Xiang et al. 

theory [27] about how to find optimal topology is 

derived from a piecewise-linear approximation of 

the sigmoidal activation function. In the training 

stage of MLP network, the appropriate number of 

hidden neurons for approximating a target function 

is not in general known and traditionally determines 

by trial and error procedure. Evaluating the optimal 

number of neurons in the hidden layers is a complex 

task while it has considerable dependence on three 

issues: (1) complexity of correlation between input 

and output data being attacked using a neural 

network (2) the number of available training and test 

data and (3) the severity of noise imposed on the 

data sets [28]. A low number of neurons are not 

powerful enough to reach the acceptable error and 

often lead to under-fitting, while a large number of 

neurons require high computation efforts and may 

result in over-fitting [29]. 

In analogy to curve fitting, smaller networks that use 

fewer parameters usually have better generalization 

capability. To determine the size of the hidden 

neurons two strategies, namely network pruning and 

network growing are proposed [28]. Network-

pruning strategy first uses a network with a large 

number of hidden units and then removes the extra 

units during the learning process [30-31]. 

Constructive approach is another method which can 

be used for evaluation the suitable number of hidden 

neurons [28]. This method starts with a small 

network and then gradually adds hidden units until a 

given performance is achieved. This will be helpful 

in finding a minimal network. They are 

computationally more economical than pruning 

algorithms where the majority of the training time is 

spent on networks larger than necessary. 

Constructive algorithms are likely to find smaller 

network solutions that are more efficient in forward 

computation. The constructive approach also can 

escape from local minimum by adding a new hidden 

unit [32]. 

Some researchers have proposed penalties for 

choosing the number of nodes in the hidden layer 

[33-35]. Lippmann has proven that the numbers of 

MLP hidden nodes are often a function of number of 

independent variables [36]. Mehrotra et al. [37] 

suggest the optimization approach based on 

dimensional space of input data to estimate the 

number of hidden nodes required to solve a 

classification problem. 
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Zhang et al. investigation [38] confirms that the 

optimal network size can be selected according to the 

number of extrema, and the number of hidden nodes 

should be selected as the number of extrema. 

According to the above explanations, it is obvious 

that developing a MLP network with randomly 

selected topology is not scientific and may lead to 

major problems. A majority part of our study has 

been devoted to selection of the optimal topology of 

the proposed ANN model. 

 

3. RESULTS AND DISCUSSION 
3.1 Model development 

It is obvious that inherent properties of porous 

materials such as thermal conductivity and other 

characteristics such as heat capacity depend on the 

pressure, temperature, nature of pore fluid, 

mineralogical composition, porosity, microstructure 

of porous media, stratification, distribution, 

orientation, size and shape of the components and 

percent of quartz content [39].  

n the present study great attention has been paid to 

develop a straightforward simple and applicable 

model which may introduce an acceptable error. 

Therefore only some easily measured properties of 

the sandstone systems i.e. temperature, pressure, 

porosity and density have been used as independent 

variables for simulation the behavior of effective 

thermal conductivity. 

The schematic of designed MLP model to predict the 

effective thermal conductivity of sandstones from its 

associated independent variables is shown in Fig. 1. 

It can be easily found from Fig. 1 that our developed 

network is composed of an input layer, output layer 

and one hidden layer. Input signals always fed to 

input layer and propagate through the neurons of 

hidden and output layers, respectively. The number of 

nodes in the input layers always equal the number of 

independent variables i.e. four neurons, while the 

number of output neurons should be equal the 

dependent variables to be detected (i.e. effective 

thermal conductivity in the present study). Therefore, 

the network’s input and output consists of four and 

one-element vector, respectively. All the layers are 

interconnected and the strength of these 

interconnections is determined by their associated 

parameters i.e. weights and biases. The neurons in the 

output layer present the results of MLPNN model. 

 

 
Figure 1. Schematic of the MLP network  

 

3.2 Data collection 

In the present study 255 experimental effective 

thermal conductivities which covered the 

temperature range 273 – 523 K and pressure range 

of 0.1 - 400 MPa collected from various literatures 

[13, 40-45]. These experimental data have been 

utilized for developing the proposed ANN model 

and validation of its predictive capability. The 

physical properties, the ranges of environmental 

conditions as well as minimum-maximum values of 

effective thermal conductivity of the collected 

experimental data have been presented in Table 1.  
 

Table 1. Physical and operational conditions of datasets 

 
 

3.3 Optimal ANN configuration 

The collected experimental data were randomly 

divided into two training and testing divisions. 

Training dataset were used to set up the ANN model 

and find the optimum architecture of the network 

while testing dataset were employed to examine and 

validate the predictive capability of the trained 

neural network model. At the first step the optimal 

topology of the MLPNN model was determined and 

then its capability has been confirmed using 

experimental datasets which have not been utilized 

during training stage. 
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Figure 2. AARD% of ANN model for training and testing  
 

In the present work the iterative constructive method 

has been used to determine the optimum number of 

neurons in the hidden layer. In Fig. 2 the values of 

calculated AARD% for different neural network 

configurations, differing with respect to the number 

of neurons in their hidden layer have been presented. 

Fig. 2 show that increasing the number of hidden 

nodes, the associated AARD% of the training subset 

decreases while for the testing subset, the network 

parameters got better as the number of neurons was 

increased until it reached to fifteen hidden nodes. 

After that, there was no improvement in AARD% 

over testing dataset. It can be said that increasing the 

number of neurons more than fifteen may result in 

over-fitting the ANN model over the training data and 

cannot generalize the rules to test data as well. 

Therefore, a two layer feed-forward network with 

fifteen hidden neurons has been considered as an 

optimal topology for prediction of the effective 

thermal conductivity of sandstone. 

It should be noted that the initial guess of the network 

parameters i.e. weight and bias coefficients can affect 

the trained network capability and its associated 

AARD% values. Hence, to reduce the influences of 

initial guess on the final results, each designed 

network with given topology has been trained several 

times by applying different randomly generated initial 

network parameters and only the best obtained value 

has been reported. The presented values in Fig. 2 are 

the best AARD% values which were obtained from 

the 50-100 various trained network per each 

topology. 

Table 2 shows the overall value (training + testing 

data sets) of the mean squared errors (MSE), 

AARD% as well as R
2
 of various two-layer neural 

network configurations. MSE and AARD% and R
2
 

can be described by Equations 3 through 5. 

 

 



N

1i

cal.

i

exp.

i kk
N

1
MSE                                  (3) 

 

  














 


N

1i
exp.

i

cal.

i

exp.

i

k

kk

N

100
%AARD

 

(4) 

 

   

 












N

1i

2exp.

i

N

1i

2cal.

i

exp

i

N

1i

2exp.

i

2

kk

kkkk

R

 

(5) 

 
Table 2. AARD%, MSE and R

2 
values of various network 

 
     a Best obtained results among 50-100 various trained network 

 

where N is the number of available experimental 

data sets, 
exp.

ik
 
and 

cal.

ik is the i
th
 experimental and 

calculated effective thermal conductivity 

respectively while k  denotes the average value of 

the experimental effective thermal conductivity data. 

According to Table 2, the optimal neural network 

has predicted 255 experimental effective thermal 

conductivities data of various sandstones with 

AARD% and MSE of 3.81% and 0.029, 

respectively. The proposed model shows the R
2
 = 

0.97427 between the predictions and experimental 

effective thermal conductivity data. These values of 

statistical criteria confirm the excellent agreement 

between measured and predicted effective thermal 

conductivity data. 

 

 

3.4 Validation using experimental data 
Table 3 reports the numerical ranges of the 

experimental effective thermal conductivity as well 

as those results which were estimated by the ANN 

model with optimal configuration. As can be seen in 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
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Number of hidden neurons
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Table 3, the predicted results coincide well with the 

existing experimental values. 

For better comparison and demonstration of Table 3, 

the graphical scheme of values of AARD% for 

various data sets was presented in Fig. 3. As this 

 

    Table 3. Comparison between experimental and  

     estimated data by the developed ANN model 

 
 

figure indicates, the proposed ANN model shows 

some weakness in modeling the behavior of the 

reported data by Abdulagatova et al. at temperature of 

523 and 323 K [40]. The developed neural network 

model predicts the effective thermal conductivities at 

T = 323 and 523 K with AARD% of 14.24% and 

15% respectively. Except these two data sets, the 

developed ANN model shows remarkable predictive 

capability in modeling other considered experimental 

data and estimates all of them with overall AARD% 

lower than 6.8%. 

Figure 3. Schematic presentation of the proposed MLP 

network capability in estimating the experimental datasets 

 
It should be expressed that the developed ANN model 

predicts 87 percent of the experimental data points 

with overall AARD% of 2.25 percent and less than 

14.55% for 13 percent of the data points. 

 

Figure 4. Correlation between predictions of the 

developed ANN model versus the experimental data 
 

The capability of the proposed neuromorphic model 

was investigated by plotting experimental values of 

effective thermal conductivities against the predicted 

values by the constructed ANN model. As shown in 

Fig. 4 the comparison between the calculated and 

experimental values is depicted for the two training 

and prediction data subsets. Fig. 4 illustrates the 

efficiencies and remarkable capabilities of our ANN 

models in estimation of the effective thermal 

conductivities in wide range of temperature and 

pressure. In the Fig. 4 the solid line represents 

perfect agreement between measured and calculated 

values. The large correlation coefficients of 0.97427 

between the observed effective thermal conductivity 

and the network predictions reveal the close 

proximity of the ANN predications to the 

experimental data points.  

 

3.5 Comparison with empirical correlation 

The following correlation has been proposed by 

Abdulagatova et al. [40] for calculation TC of dry 

sandstones as function of pressure and temperature.  

 

     T0.1,P0k/P
0

PexpkPT,k               (6) 

 

 

Where, the parameters k  and 0k  have simple 

physical meanings, namely, effective TC at 

extremely high pressure: 

     T0.1,PkTkPT,k 0  
  

Therefore,  Tk  can be estimated as: 

     T0.1,PkPT,kTk 0exp 
 and at zero- 

pressure (low pressure): 

   T0.1,Pk0PT,k 0  . 
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Figure 5. Comparison between predictions of the Eq. (6) 

versus the experimental data 

 

The values of  PT,k exp  are the effective 

thermal conductivity of solid matrix at given 

temperature. 

The obtained %AARD related to apply the Eq. (6) on 

the effective TCs data has been plotted in Fig. 5. This 

figure illustrates that the empirical correlation has 

predicted the considered experimental effective 

thermal conductivity data with %AARDs which 

cover the range about zero to 45%. 

Application of the above empirical model for 255 

experimental effective TCs data gives an overall 

AARD% of 13% while the proposed ANN model has 

an overall ARRD% of 3.81%. 

 

4. CONCLUSION 

In the present study an automatic system based on 

artificial neural network has been proposed for 

estimation of the effective thermal conductivity of 

sandstones from temperature, pressure, porosity and 

density. A large number of experimental data that 

cover the temperature range 273 – 523 K and 

pressure range of 0.1 - 400 MPa has been collected 

from various literatures and used for development 

and validation the proposed ANN model. The multi 

layer perceptron network with strictly feed-forward 

structure is used and its optimal configuration is 

determined by iterative constructive method 

combined with statistical error analysis. The trained 

MLP model with the optimal configuration was 

examined by the test experimental data not used in 

the training data set. The results of the developed 

ANN model reveal that the proposed ANN model 

was able to predict effective thermal conductivity 

with an excellence agreement (AARD% of 3.81%, 

MSE of 0.029 and R
2
 of 0.97427). According to the 

comparison between the predictions of the developed 

neural network model with the experimental data 

sets and empirical correlation results, it can be 

concluded that MLP network has an acceptable 

capability in estimation the effective thermal 

conductivity. 
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