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In geothermic studies, the thermal conductivity (TC) is an essential parameter needed to calculate heat flow in rocks. It is obtained generally with high accuracy from laboratory 
measurements. The methodology proposed in this paper is to estimate the TC, which depends on many parameters; such as mineralogy, porosity, shape of voids and nature of contact 
between grains, based on linear and nonlinear relationships. In order to predict the thermal conductivity from other petrophysical parameters in the Hamra Quartzites reservoir, we have 
measured porosity, density and permeability, for dry samples taken from core wells. The correlation coefficients (R) were calculated between thermal conductivity and other petrophysical 
parameters for all samples. The results show that, the correlation coefficient is moderate between TC and the porosity, weak between TC, density and permeability. To improve these 
correlations, samples were classified into cemented and uncemented sets. A minor improvement on the correlation coefficients is noted between TC, density and porosity in uncemented 
samples, with values equal 0.51 and 0.73, respectively. The application of Radial Basis Function (RBF) neural networks, using density, porosity and permeability as inputs and thermal 
conductivity as output, permit us to predict the thermal conductivity with high precision. The correlation coefficient between TC estimated by the RBF neural network is the same as that 
measured in laboratory equaling 0.983. 

1. Introduction 

The thermal conductivity is a fundamental parameter in geothermic studies. It is an essential factor in the calculation of heat flow in fundamental and applied 
geothermal studies. This parameter is defined as the quantity of heat transmitted due to the unit temperature gradient (Popov et al., 1999; Lide, 1998). Divided-bar, 
Line-source and Optical scanning are principal laboratory techniques used to measure this parameter. The thermal conductivity of rocks is influenced by several 
intrinsic and extrinsic factors, such as mineralogical composition, texture, grains size, degree of crystallization, porosity, density, pressure, cracks, nature of fluid, 
fluid saturation, rock lamination and temperature (Jumikis, 1966; Harmathy, 1970; Fayette et al., 2000; Sevostianov, 2006; Abdulagatova et al., 2010; Alishaev et 
al., 2012). 

The TC can be obtained by the following principal methods: (i) from empirical relationships based on laboratory measurements, which relate thermal 
conductivity and other petrophysical properties measurements of rocks (Özkahraman et al., 2004; El Sayed, 2011; Duchkov et al., 2014), (ii) from wells log data, 
by searching the major minerals composition of the rock, then derive indirectly the thermal conductivity from them (Demongodin et al., 1991; Hartmann et al., 
2005, 2008) and (iii) recently some authors have used artificial intelligence to predict thermal conductivity for sandstone (Goutorbe et al., 2006; Singh et al., 2007; 
Vaferi et al., 2014; Gitifar et al., 2014). 

Many studies are carried out to search relationships between thermal conductivity and petrophysical properties in different rock types. For example, the 
relationships between thermal conductivity, porosity, P and S-waves velocity in core samples of sandstone were investigated by El Sayed (2011), Haffen et al. 
(2013) and Esteban et al. (2015). Sukanta Roy (2014) elaborated the effect of water saturation on thermal conductivity in sedimentary rock samples and in 
metamorphic and igneous rocks. The relationships between thermal conductivity and other petrophysical parameters with double porosity rock characteristic were 
established in carbonates (Kazatchenko et al., 2006). The equations in these works have empirical forms, and are valid generally in the studied areas. If the 
mineralogical compositions of rock samples change in other areas, these empirical relationships yield weak results. 

Radial Basis Function (RBF) neural network is a nonlinear mathematical approach. It is a particular class of multi-layer neural networks. The popularity of RBF 
neural networks compared to other kinds of neural networks concerns: (i) their capacity to approximate function problems, (ii) their simple and reduced architecture 



 

 

(composed only of three layers), (iii) their fast convergence properties and (vi) they have no local minima problems (Kasabov, 1998). Because of these advantages, 
RBF neural networks were applied in 

several disciplines, including in the photovoltaic process, to predict current-voltage characteristics and power-voltage (PeV) curves of a commercial PeV module 
(Bonanno et al., 2012), in medical diseases diagnosis (Qasem and Shamsuddin, 2011), in the identification of nuclear accidents (Gomes and Canedo Medeiros, 
2015), in seismic inversions in petroleum exploration (Baddari et al., 2010), in image analysis (Cha and Kassam, 1996; Montazer and Giveki, 2015), in 
nanocomposite characterization of pore size measurement and wear model of a sintered CoppereTungsten (Leema et al., 2015), in the estimation of geotechnical 
parameters (Sinha and Wang, 2008; Mustafa et al., 2012), in geology to estimate the grade of an offshore placer gold deposit (Samanta and Bandopadhyay, 2009) 
and to assess rocky desertification in northwest Guangxi, China (Zhang et al., 2011). 

Few studies exist that investigated for the relationships between petrophysical parameters in quartzite rocks, compared to other formations. Gupta and Sharma 
(2012) obtained moderate correlation coefficients between textural, petrophysical and mechanical properties for quartzite samples, taken from north-western 
Himalaya. 

The effect of quartz on the magnetic susceptibility for quartzite rocks was investigated by Hrouda and Kapiĉka (1986). Vishnu et al. (2010) are used the 
anisotropy of the magnetic susceptibility to determine the magnetic foliation in quartzites and also to study the relationship between the magnetic foliation and the 
ultrasonic P-wave velocity. The Hamra Quartzites reservoir in Hassi Messaoud oil field is less studied compared to Cambro-Ordovician sandstone reservoirs. 
Benayad et al. (2013, 2014) studied the petrography and geochemistry of core samples taken from two wells in the Hamra Quartzites formation. Aïfa et al. (2014) 
focused their study on the relationships between magnetic susceptibility, fractures density and petrophysical parameters for core samples taken from six wells in the 
Hamra Quartzites reservoir. 

Despite the wide application of RBF neural networks in many scientific areas and their advantages cited previously, they have not until now been applied in 
geothermics. In this study, the RBF neural network is used to predict the thermal conductivity, in order to reduce the laboratory measurements time; especially, in 
the case where the measuring is difficult, because of fractures in the samples. The RBF neural networks technique can be a good solution to estimate TC from well 
log measurements, or when it is difficult to obtain complete cores from drilled wells. The aim of this work is to study the petrophysical parameters obtained from 
laboratory measurements for dry core samples taken from the Hamra Quartzites reservoir, and to investigate relationships between thermal conductivity, porosity, 
density and permeability, based on the correlations between these parameters and using the RBF neural network. 

2. Study area 

The Hassi Messaoud oil field is situated in the southeast of Algeria (Fig. 1) and extends over 1600 km2. It is considered the principal oil field in Algeria and it 
is known for wells that produce the oil from the Cambrian anisometric reservoir (Ra). The organic matter rich shale of Silurian age is the principal source rock in 
the Hassi Messaoud field. The drilled wells in the study area produce the oil from Cambro- 
Ordovician sandstone, which is considered as the main reservoir unit. In the past, some wells produced the oil from the Hamra Quartzites reservoir by stimulation 
(hydraulic fracturing) and with natural fractures contribution (Askri et al., 1995; Benayad et al., 2013, 2014; Aïfa et al., 2014). 

The studied core samples are taken from the Hamra Quartzites reservoir in the south-west of Hassi Messaoud oil field (depth between 3220 and 3370 m). This 
formation is attributed to Arenigian age (Askri et al., 1995). It is composed of moderately to well sorted, fine to coarsegrains sandstone. The quartz percentage varies 
from 94.90 to 99.52%, with mean of 98%. The cement is comprised mainly of quartz, clay and carbonate, with average values of 6.02%, 2.48% and 0.57%, 
respectively. The geochemical study of samples taken from the Hamra Quartzites reservoir in southern Hassi Messaoud shows that, all the studied samples are 
characterized by high silica content, which ranges between 93.28 and 98.79 wt% (Benayad et al., 2013). 

3. Materials and methods 

3.1. Thermal conductivity 

From Fourier's law, the thermal conductivity is given by the following equation: 

dT 

q =−λ  
 dx (1) 

where q(W.m−2), dT d/ x(K.m−1) and λ(W m−1.K−1) are the heat flow, the temperature gradient and the thermal conductivity, respectively. 
The thermal conductivity of the studied samples was measured using the optical scanning method. The principle of this method is simple; the device is a 
movable block form, with two temperature sensors sensitive to the electromagnetic radiation and the heat source. They are aligned parallel to the displacement 

axis for allowing the measurement of the sample temperature before and after heating. This 
block moves along the measuring line with a constant velocity to give the thermal conductivity profile (Popov et al., 1999). 

The core samples were obtained during drilling of the pay zone of the Hamra Quartzites formation, using diamond drill bit and drilling fluids. The cores have a 
cylindrical form with 8 cm of diameter and a thickness that ranges between 3 and 10 cm, taken from different facies (Fig. 2). The samples are taken from wells 
#119, #114 and #105. The samples were dried for 72 h in an electric oven at temperature of 37 °C. The surface area of samples, which was exposed to the thermal 
beam, was painted black in order to ensure a uniform heat reflection. The measurements were executed at room conditions (1 atm and 22 °C) and were taken each 
1 mm. The analyzed surface is determined as an arithmetic average of the local conductivity along an entire scanning line, and the relative measurement error is less 
than 3% (Popov et al., 1999). 

3.2. Density and porosity measurements 

The rock density is defined as the quotient of the mass and the volume of the material (Schön, 2011). The sedimentary rocks are constituted by solid grains, 
which take many shapes. Sometimes, the sedimentary rocks are cemented and may have voids between grains that are filled with fluids (Monicard, 1975). The 



 

 

porosity is a fundamental petrophysical parameter in sedimentary rocks; which controls the storage capacity of fluids in reservoirs. It can be measured directly from 
plugs based on bulk and skeletal densities, gas expansion, displacement techniques (Schön, 2011), or indirectly in wells using; neutron, density and sonic log data. 
Recently, nuclear magnetic resonance method is also used to obtain the porosity (Bortolotti et al., 2006; Dillinger and Esteban, 2014; El Sayed and El Sayed, 2016). 
The density and the inferred porosity, so called Helium-porosity of samples were carried out using a gas Helium pycnometer of Micrometrics AccuPyc II 1340 type. 
The petrophysical parameters were measured from cylindrical samples with diameter of 1.8 cm and length that ranged from 2 to 3.5 cm. The measurements were 
repeated for each sample 5 times, and the errors found were less than 3%. 

3.3. Permeability measurements 

The permeability was measured for cylindrical samples using a nitrogen (N2) gas permeameter, working at 40 bars of confining pressure. The permeameter 
device is composed of four parts (Fig. 3): (i) the room where the sample is placed and submitted to the confinement pressure, (ii) the head pressure transducer 
composed of a pressure sensor and a purge, this part allows the input pressure to be supplied to the sample, (iii) the confinement pressure transducer formed also by 
a pressure sensor and a purge, and (v) the bottom pressure transducer equipped with a pressure sensor, a flow meter and a tap to control the outlet pressure of the 
sample (Rosener, 2007; Stanek, 2013). The gas penetrates from the top of the cylindrical sample and flows out through the bottom, and then, the two pressures are 
recorded (Scheidegger, 1974; Debschutz et al., 1989; Géraud et al., 2010). The head pressure applied can reach 35 bars. The sample sizes are measured, and the 
permeability is calculated using the Darcy's law; then, it is corrected of the Klinkenberg's effect (Klinkenberg, 1941). The permeability was measured for the same 
samples, which were used for the density and the porosity measurements. 

3.4. Microscopy analysis 

After the thermal conductivity measurements, each sample was cut in two parts, the first is reserved for density, porosity and permeability measurements, and 
the second is reserved for thin sections preparation. The plane polarized light microscopy analysis is used to classify samples in cemented and uncemented grain 
sets. The first set contains 15 samples and the second includes 13 samples (Table 1). 

4. Radial basis function neural networks 

The idea of artificial neural networks is inspired from biological neural networks. The biological neuron is composed of three main components, which are 
responsible for the transmission of information (McCulloch and Pitts, 1943). Through the dendrites, the information flows from outside to the soma. Then, it is 
processed by the neuron and passed along the axon to be transmitted to other neurons (Fausett, 1994). After the work of McCulloch and Pitts (1943), many other 
types of artificial neural networks are appeared; for example, Hopfield neural networks (Hopfield, 1982), the adaptive resonance theory networks (Carpenter and 
Grossberg, 1987) and the self-organizing map (Kohonen, 1989). 

The main differences between the different types of artificial neural networks lie in their architectures, learning paradigms (supervised, unsupervised and hybrid) 
and algorithms used in training. Their choice of application is linked to the complexity of the posed problem and the time necessary for data treatment. The RBF 
neural networks were developed by Broomhead and Lowe (1988). They are composed of three layers; the input layer connects directly the exterior environment to 
the network, its role is limited only to introduce input data to network neurons and it doesn't execute any calculation. The hidden layer includes nodes, which are 
activated by radial basis functions (usually Gaussian). Nonlinear transformation is applied from the input layer to the hidden layer. The output layer produces the 
final results of the artificial neural network. The activation function between the hidden layer and the output layer is linear. In RBF neural networks, only the weights 
connecting the hidden and the output layers can be modified during training. The radial function is symmetrical around the centre (Haykin, 1999; Rennard, 2006). 
The basic RBF neural network structure is shown in Fig. 4. 

The output corresponding to the input for the jth hidden neuron of the RBF neural network is given by the equation: 

M y x( ) = ∑wϕ xj j ( )j=0 (2)  
where y is the output corresponding to the input vector x, wj is the weight between the jth hidden neuron and the output neuron, ϕjis the radial basis function 

of the jth hidden neuron and M is the number of neurons in the hidden layer. 
The radial function generally used by RBF neural networks is Gaussian; it is given by the following equation: 

⎛ ǁx − ujǁ2⎞ ϕ xj ( ) = exp⎜− 2 ⎟ 
 ⎝ 2δj ⎠ (3) 

where ujand δj are the centre and the spread parameters of the radial basis function of the jth hidden neuron, successively. The RBF neural network in this study 
is trained by the self-learning method using Matlab neural network toolbox (Demuth et al., 2009). It provides the possibility of realizing a nonlinear relationship 
between the inputs and the  output data. 
 

 

5. Results 

5.1. Relationships between thermal conductivity and petrophysical parameters 

The advantage of establishing the relationships between the thermal conductivity and petrophysical parameters is to find an efficient tool for predicting the thermal 
conductivity from other petrophysical rock parameters. It is important to be able to obtain TC from other petrophysical parameters that are easily measured in wells 
instead of measuring it directly, which has been impossible until now. The measured petrophysical parameters allow us to study, for the first one, the relationships 



 

 

between the thermal conductivity and petrophysical parameters (density, porosity and permeability) of the Hamra Quartzites reservoir samples, in Hassi Messaoud 
field in south-western Algeria. The obtained results for the thermal conductivity for 28 samples taken from well cores range from 3.77 to 6.26 Wm−1k−1, with mean 
value and standard deviation (SD) of 5.19 and 0.65 Wm−1k−1, respectively. The porosity is low to moderate; it varies from a minimum (Min) of 1.51 to a maximum 
(Max) of 13.12%, with mean value and standard deviation equal 5.408 and 2.502, respectively. The permeability varies between 1.9 × 10−4 and 7.342 md, with mean 
value of 0.305 md and with slightly high standard deviation of 1.382 md. The density oscillates from 2.567 to 2.682 g/cm3, its mean value and standard deviation 
equal 2.632 and 0.032 g/cm3, respectively (Tables 1 and 2). 

The results for all samples show a weak correlation (R = 0.27) between thermal conductivity and density (Fig. 5a). The increase in porosity decreases the thermal 
conductivity and the correlation coefficient between these two parameters equals 0.68 (Fig. 5b). The plot of the thermal conductivity as function of the permeability 
shows a weak correlation (Fig. 5c). The majority of permeability results for the studied samples don't exceed 0.481 md, which reflects the nature of the low 
permeability of the Hamra Quartzites reservoir, except, the sample number 28, which is characterized by a high permeability, compared to the other samples due to 
the fractures effect. 

Fig. 6 shows thin section photomicrograph for the uncemented sample observed under plane-polarized light microscopy. The sample 25 is composed of coarse 
and fine grains, in which the quartz is the principal mineral. There is no cement between grains, which permit us to classify this sample as uncemented. Fig. 7 is a 
photomicrograph for the sample 15, taken from the cemented set. The grains of this sample are cemented and the distinction between these grains is difficult due to 
the nature of mineral cement composed essentially with silica. 
The classification of samples in two sets (cemented and uncemented grains) shows a minor improvement of the correlation coefficients between the thermal 
conductivity, density and porosity in uncemented set. The correlation coefficient between TC and density show weak increases from 0.27 for all samples (Fig. 5a), 
to 0.51 for uncemented samples (Fig. 8b). But in cemented samples, the correlation coefficient is weak (Fig. 8a). The highest correlation coefficient is obtained 
between TC and the porosity for uncemented sample set (R = 0.73) (Fig. 9b), but in the cemented samples, the correlation coefficient is reduced from 0.68 (Fig. 5b) 
to be 0.44 (Fig. 9a). The correlation coefficient between thermal conductivity and permeability is very low for both sample sets (Fig. 10), and equals 0.10 for 
cemented sample set (Fig. 10a). This means that, the cementation is not an essential factor, which controls the relationship between TC and permeability for these 
samples. 

The classification of samples into cemented and uncemented sets doesn't improve the correlation coefficients considerably between TC and other petrophysical 
parameters. The correlation coefficient increases slightly between TC, porosity and density in uncemented sample set. The correlation coefficient between TC and 
porosity is 0.68 for all samples and 0.73 for uncemented samples (Fig. 9b). Whereas, the correlation coefficient between TC and density is 0.51 for the same set 
(Fig. 8b). These results show that, the relationships between TC and petrophysical parameters can be related to other factors that controlling the thermal conductivity, 
which are cited previously in the introduction. 

The statistical analysis of density, porosity and permeability data are shown in Table 2. The variation coefficient (Vc) of the density for all samples is 1.198%, 
suggesting that the density shows slight variation. In the case of cemented and uncemented sample sets, the variation coefficients are 1.254% and 1.144%, 
respectively. The variation coefficient of the porosity data decreases from 46.258% (in the case of all the samples) to 34.688% (for cemented sample set) and remains 
almost constant for uncemented samples (46.004%), which mean that, the cemented samples have homogeneous density. The permeability values are very low 
because the reservoir is tight, except in Sample 28, which is affected by cracks that directly influence the variation coefficient. The histograms in Figs. 11 and 12 
show the variation of density, porosity and permeability values for cemented and uncemented sample sets, respectively. 

 

5.2. Radial basis function neural network application 

In the present study, a nonlinear relationship between thermal conductivity and the following petrophysical parameters; density, porosity and permeability was 
investigated, to facilitate the prediction of TC using the RBF neural network. The linear relationships obtained between TC and the petrophysical parameters, based 
on each parameter alone show weak correlation coefficients, with the exception of moderate correlation between the thermal conductivity and the porosity in 
uncemented samples (R = 0.73) (Fig. 9b). The RBF neural network is applied to predict TC using porosity, permeability and density as inputs and TC as output. 
The data measured in laboratory with high accuracy are divided in two databases, the first dataset contains 75% of data and was reserved for the training, and the 
second dataset includes 25% of data reserved for testing of the trained RBF neural network. The simulation is applied using Matlab software. The self-learning 
method was used to obtain the optimal number of neurons in the hidden layer. The training starts with one neuron in the hidden layer and a new neuron is added at 
each time, if the desired network error is not achieved. The training is repeated with each new neuron added until the desired error is obtained (Hirose et al., 1991). 
In this method the spread (δ) of the input data, changed manually during training to obtain the best spread, which produce the least error (Demuth et al., 2009). In 
order to evaluate the results with high accuracy, the Mean Relative Error (MRE), the Mean Square Error (MSE) and the correlation coefficient (R) are used as 
performance indicators, in the training and testing phases of the RBF neural network. 

In the training, after checking various architectures by varying the intrinsic parameters of the network (neurons number and spread); and calculating at each time 
the RBF neural network performance criteria between the thermal conductivity values obtained by RBF neural network and TC measured in laboratory, a new 
neuron is added to the hidden layer and the training is repeated after each new hidden neuron added, until the MSE falls to an error goal (0.0001). 
The results of training are shown in Table 3. Here, only the results for 1 to 12 neurons in the hidden layer with spread equal 0.7 are discussed. Other values of spread 
and neurons, which did not yield improvement in the network performance criteria, are not represented in Table 3. The increase of neurons number, more than 10, 
doesn't 
 improve network performance criteria in the test, despite their amelioration in the training. From 1 to 8 neurons in the hidden layer, the RBF neural network shows 
his capacity to learn, but it is unable to give good results in the test. With 9 neurons in the hidden layer, the performance criteria of the RBF are acceptable, but the 
best results are obtained with 10 neurons. The MRE, MSE and R equal 0.0029, 0.0873 and 0.8696, respectively. So, the network with this number of hidden neurons 
is chosen, because it gives good performances in both test and training phases (Table 3). 

In the test phase, the network weights are saved for each time after the training, and the RBF neural network is used as a transfer function to predict thermal 
conductivity from the remained input data. The petrophysical parameters (porosity, density and permeability) data which didn't used in the training (25%) are 
introduced in the RBF neural network to generate the thermal conductivity, and the performance criteria (MRE, MSE and R) are calculated at each iteration. From 



 

 

obtained results (Table 3), good performances are obtained with 10 neurons in the hidden layer despite the few input data used. The MRE, MSE and R equal 0.0691, 
0.1472 and 0.9843, successively. The increase of the neurons number more than 10 decreases drastically the RBF neural network performance criteria. At 12 neurons 
for example, the MRE and MSE increase until 0.7267 and 42.2575, respectively, and the R decrease to 0.6117. 

The plot of the relation between the thermal conductivity obtained by the RBF neural network and that measured in samples (Fig. 13), shows a high correlation 
coefficient (R = 0.983), which prove the capacity of the RBF neural network to predict the output with high accuracy from the input data. 

 
6. Discussion 

The relationships between the thermal conductivity and petrophysical parameters were investigated for core samples taken from the Hamra quartzites reservoir. 
The mineralogical composition of these core samples has been done in more details by Benayad et al. (2013, 2014). High values of the measured thermal conductivity 
reflect the mineralogical nature of samples that composed essentially of quartz, which is characterized by a high thermal conductivity compared to other minerals 
(TC of quartz, 7.7 Wm−1k−1) (Horai, 1971). The mineralogical composition of the Hamra quartzites reservoir is essentially the quartz (98%) (Benayad et al., 2014), 
which makes other minerals effect less important, compared to the quartz effect on the heat flow. 
The measured values are in coherence with the results found in sandstone and tight sandstone reservoirs (Tutuncu et al., 1994; Sukanta Roy, 2014; Schön, 2015). 
The Hamra Quartzites reservoir is characterized by low values of permeability measured in laboratory; the majorities are less than 0.1 md, which permit to classify 
it in tight reservoirs (Rezaee et al., 2012). The high permeability value recorded for the sample number 28 is justified by the fractures effect. The thermal conductivity 
decreases with the increase of the porosity in the Hamra Quartzites reservoir, despite the moderate correlation coefficient (Fig. 5b). This trend already noticed in the 
case of different sedimentary rocks (Brigaud and Vasseur, 1989; Duchkov et al., 2014; Esteban et al., 2015). It is justified by the circulation of the heat flow in pores 
(air), which is characterized by low thermal conductivity (TC of air, 0.025 Wm−1K−1), compared to the TC of grains and rocks cement. The low correlation coefficients 
cited previously between TC and permeability, after the classification of samples into cemented and uncemented sets, is due to the very low permeability values. 
The Hamra Quartzites formation is considered as a tight reservoir. The TC is generally influenced by the porosity and density. The permeability hasn't any effect on 
the thermal conductivity. This result is proven by the low correlation coefficients calculated between these parameters. In some cases derived from the literature, 
linear relationships between TC and petrophysical parameters are found (Popov et al., 2003; Yaşar et al., 2008), but in other cases they are difficult (Mielke et al., 
2017; Barry-Macaulay et al., 2013), because of the multiplicity of parameters intervening in TC, such as mineralogy, porosity, fluid content and rock structure 
(stratification, distribution, orientation, size and shape of the components) (Horai, 1971; Anand et al., 1973; Plewa, 1976). 

The motivation behind the application of the RBF neural network in this study is to search nonlinear relation between the thermal conductivity and petrophysical 
parameters, then predict the thermal conductivity from them, because the linear relation between the thermal conductivity and petrophysical parameters gives low 
correlation coefficients. The RBF neural network with 10 neurons in the hidden layer proves its capacity to predict the thermal conductivity from porosity, 
permeability and density. The high correlation coefficient (R) found in training and test phases, between TC obtained by RBF neural network and that measured in 
laboratory, confirms the nonlinear relationship between the thermal conductivity and petrophysical parameters. Table 3 shows that, the increase of neurons number 
in the hidden layer improves the performance of RBF neural network in the training. In the test, the best performance criteria are obtained with 10 neurons in the 
hidden layer. When the number of hidden neurons is more than 10, the performance in the training became best, but the performance criteria in the test degraded, 
due to the over-fitting problem (Chen and Wang, 2007). 

The methodology proposed in this study to estimate the thermal conductivity using the petrophysical parameters as inputs and the RBF neural network, which 
based on a nonlinear relationship, gives good results. It can contribute efficiently to minimize the time spent for obtaining thermal conductivity measurements in 
laboratory. On other hand, some authors mentioned that the RBF neural network disadvantage is the difficulty to find the topology adequate of the neural network 
(number of neurons in the hidden layer, connection type and function parameters (spread and centre) (Baddari et al., 2010). To solve this problem, several algorithms 
are proposed for training the RBF neural network, in order to obtain good results; for example, Orthogonal least squares (Chen et al., 1990), Regression tree (Orr et 
al., 2000) and Quick Propagation (Montazer et al., 2009). 

7. Conclusion 

On the light of this study, the low values of the permeability (less than 0.1 md) for the majority of samples confirm that the Hamra quartzites is a tight reservoir. 
The linear relationship between the thermal conductibility and the porosity shows a moderate correlation coefficient. The porosity increases with the decrease of the 
thermal conductivity, which confirms that the porosity is one of the main factors to control the thermal conductivity. A weak correlation coefficient found between 
the thermal conductivity, permeability and density. The grains cementation has low effect on the relationships between TC and petrophysical parameters. The 
correlation coefficient between TC, porosity and density increases slightly in uncemented set. 

The RBF neural network proves to be a successful tool to estimate the thermal conductivity from petrophysical parameters. The high value of the correlation 
coefficient (R = 0.983) between the thermal conductivity measured in laboratory and that estimated by the RBF neural network, proves the nonlinear relationship 
between these parameters. On other hand, the prediction of the thermal conductivity with high accuracy using the RBF neural network and employing porosity, 
permeability and density as inputs, permits a quick estimation of this parameter, without a return to laboratory measurements, which take much time and sometimes 
are difficult to realize for some samples due to the existence of fractures. 
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Fig. 1. Location of the study area, source (Sadine et al., 2016 and Aouimer and Cherrifi, 2008 (modified)). 

 

 
 

 

 

Fig. 2. Photograph of core samples used for laboratory measurements before preparation. 

 



 

 

 

Fig. 3. A diagram showing the permeameter device using nitrogen gas flow (Rosener, 2007 and Stanek, 2013). 

Table 1 
Petrophysical parameters measured in laboratory for studied samples. 

Sample number Sample depth (m) 
TC (Wm−1K−1) Density (g/cm3) Porosity (%) Permeability (md) Classification in sets 

W105-1 3315.83 4.82 2.67 4.59 0.021 Cemented 

W114-2 3273.31 4.05 2.65 7.03 0  

W119-3 3339.70 5.29 2.62 4.33 0.048  

W114-4 3266.62 5.23 2.66 3.46 0.0057  

W105-5 3317.64 5.10 2.68 5.17 0.0062  

W114-6 3261.45 5.86 2.59 4.04 0.057  

W119-7 3334.70 5.38 2.59 3.12 0  

W119-8 3327.27 5.75 2.68 3.53 0.0014  

W119-9 3354.90 5.66 2.65 2.91 0.076  

W119-10 3352.00 4.94 2.62 7.3 0.036  

W114-11 3254.80 5.88 2.66 5.93 0.025  

W119-12 3354.90 5.65 2.64 4.61 0.003  

W114-13 3267.60 6.26 2.60 4.01 0  

W114-14 3246.00 5.25 2.61 1.51 0.00016  

W105-15 3273.31 5.41 2.59 5.53 0.18  

W105-16 3321.06 4.00 2.63 13.12 0.0075 Uncemented 
W119-17 3354.90 5.66 2.66 7.38 0.035  

W119-18 3359.50 4.40 2.63 7.04 0.0088  

W105-19 3329.38 3.77 2.65 9.18 0.0061  

W114-20 3266.62 5.24 2.58 3.95 0.1256  



 

 

*W119-25: Means sample 25 taken from well#119. 

 

Fig. 4. The basic structure of the RBF neural network (from Soofi and Cao, 2002). 

Table 2 
Table showing statistical parameters of density, porosity and permeability. 

 

W114-21 3260.3 5.68 2.63 6.02 0.00019  

W114-22 3261.62 5.46 2.59 6.52 0.00028  

W119-23 3344.25 5.06 2.63 3.98 0.029  

W114-24 3261.00 5.69 2.62 5.45 0.009  

W119-25 3333.62 5.35 2.63 2.65 0.481  

W114-26 3351.80 4.88 2.65 5.33 0.017  

W119-27 3361.80 3.83 2.67 10.35 0.018  

W119-28 3342.30 5.67 2.56 3.39 7.342  
 

 All samples   Cemented samples  Uncemented samples  

Density (g/cm3) Porosity (%) Permeability(md) Density(g/cm3) Porosity (%) Permeability(md) Density(g/cm3) Porosity (%) Permeability (md) 

Min 2.567 1.510 0.00019 2.590 1.510 0 2.567 2.65 0.00019 

Max 2.682 13.120 7.342 2.682 7.300 0.180 2.670 13.12 7.342 
Mean 2.632 5.408 0.305 2.636 4.471 0.031 2.626 6.489 0.6215 
SD 0.032 2.502 1.382 0.033 1.551 0.048 0.030 2.985 2.0235 
Cv(%) 1.198 46.258 453.300 1.254 34.688 1.563 1.144 46.004 325.580 



 

 

Fig. 6. Photomicrograph for sample 25 in plane polarized light showing uncemented grains. 
Fig. 7. Photomicrograph for sample 15 in plane polarized light showing cemented grains. 

 

 

Fig. 5. A diagram showing the correlations between TC and petrophysical parameters for all samples. 

 



 

 

 

Fig. 8. Diagram showing correlation between TC and density, (a) cemented samples and (b) uncemented samples. 

 

Fig. 9. Diagram showing correlation between TC and porosity, (a) cemented samples and (b) uncemented samples. 

 

Fig. 10. Diagram showing correlation between TC and permeability, (a) cemented samples and (b) uncemented samples. 
 



 

 

 

 
 
 
 
 
 
 

Fig. 11. Histograms of density, porosity and permeability for the cemented sample set. 
 



 

 

Table 3 
Obtained results in the training and the testing of the RBF neural network. 

Neuron numbers Training phase  Test phase  

MRE MSE R MRE MSE R 

01 0.0137 0.3296 0.2504 0.0594 0.5510 0.2765 

02 0.0137 0.3296 0.2504 0.0597 0.5495 0.2872 
03 0.0111 0.2715 0.4774 0.0660 0.4464 0.5863 
04 0.0090 0.2235 0.6037 0.0597 0.3876 0.6460 
05 0.0079 0.2012 0.6541 0.0530 0.3475 0.6768 
06 0.0075 0.1922 0.6734 0.0583 0.3824 0.6536 
07 0.0050 0.1409 0.7741 0.0720 0.5526 0.3549 
08 0.0048 0.1360 0.7831 0.0838 0.5556 0.5031 
09 0.0040 0.1178 0.8154 0.0693 0.1536 0.9784 
10 0.0029 0.0873 0.8696 0.0691 0.1472 0.9833 
11 0.0025 0.0754 0.8862 0.1266 0.5813 0.7723 
12 0.0021 0.0624 0.9068 0.7267 42.2575 0.6117 

 

Fig. 12. Histograms of density, porosity and permeability for the uncemented sample set. 



 

 

 

Fig. 13. Diagram showing correlation between thermal conductivity obtained by RBF neural network and that measured in laboratory. 

 
 
 
 


