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 The aim of this study is to present a new empirical model to predict thermal conductivity, based on experimental
databases that might be particularly applicable to unsaturated weathered granite soils. To establish the experi-
mental databases, a number of thermal conductivity tests were conducted using a new probe system combined
with a volumetric pressure extractor. Thereby, 162 data were collected and applied to the prediction model. The
prediction model has two empirical coefficients that determine the shape of a graph, and it is not easy to deter-
mine these coefficients unless experiments are conducted. Thus, in this paper, we propose using an artificial neu-
ral networkmodel to obtain these empirical coefficients without experiments, given only information on the soil
properties. Moreover, to evaluate the applicability of the trained network model, it was tested for data sets that
had not been introduced during the training stage. According to the verification results, the trained network
model presents reasonable prediction results (R2 = 0.9046), even for the new testing data. In addition, the
model traces the measured data curve with fairly good agreement, depending on a sample's porosity, regional
characteristics, and degree of saturation.
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1. Introduction

Recently, the depletion of fossil fuel sources and rising energy
consumption, have emerged as serious problems for global society. To
achieve energy savings and reduce greenhouse gases, the use of renew-
able energy sources is becoming inevitable all over the world. In particu-
lar, Ground Source Heat Pump (GSHP) systemsmaking use of renewable
energy stored in the ground have been recognized as a clean, efficient
way to enhance space heating and cooling of buildings. They use relative-
ly constant ground temperatures as a heat reservoir: a heat source in
winter and a heat sink in summer. Though a vertical loop [1] has often
been the choice for GSHP systems, this approach is facing a major obsta-
cle due to its high initial construction cost, which comes from the re-
quired drilling operation [2–4]. For this reason, attention is shifting to
GSHP systems using shallow grounds. A typical example of a shallow
GSHP system is an energy pile and horizontal loop system. The energy
pile has been used as part of the ground heat exchangers to overcome
the initial cost of conventional vertical loop systems [5–8]. This innova-
tive idea has led to notable progress in the field of GSHP systems and
has become particularly attractive to developers in urban areas. This is
because it offers the lowest total cost while offering the highest
9

renewable contribution, and the lowest spatial requirements [9]. In addi-
tion, horizontal loop systems are often preferred over vertical loop if the
site has adequate space. Owing to the lower initial installation costs, the
use of horizontal loops can provide a viable alternative solution that
reaches a good compromise between efficiency and cost [10–12].

Inmost cases, all or someparts of the groundheat exchanger in shal-
low GSHP systems are located above the ground water table (GWT).
This means that the shallow ground above the GWT consists of three-
phase soils: solid mineral components, water, and air. Because three-
phase soils are unsaturated (with water), the thermal properties of
the ground relatively near the surface can be affected by unsaturated
soil behaviors. Hence, the performance of GSHPs can also be influenced
by complex soil behavior at shallow depths [13–14]. Thus, there have
been extensive studies on the prediction of thermal conductivity of
unsaturated soils, based on empirical or theoretical approaches. For
example, Kersten [15] proposed an empirical model in 1949, and it is
considered one of thefirst approaches to predict the thermal conductiv-
ity of frozen soils. After that, Johansen [16] suggested another empirical
model having a logarithmic form, obtained by regression analysis.
Donazzi et al. [17] investigated the thermal and hydrological character-
istics of the soil surrounding buried cables and proposed an empirically
derived model. Farouki [18] reviewed several methods for prediction of
the effective thermal conductivity of frozen soils, and provided an ex-
tensive collection of experimental data for unfrozen and frozen soils.
Cote and Konrad [19] modified Johansen's model to eliminate the
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Fig. 1. Schematic diagram of thermal conductivity test for unsaturated soils [36].
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logarithmic dependence on the saturation ratio, which distorted predic-
tions at low degrees of saturation. They suggested three empirical pa-
rameters that could consider the effect of particle shape and soil
texture. Lu et al. [20] alsomodified Johansen'smodel and suggested sev-
eral empirical parameters for sandy soils. Chen [21] proposed an empir-
ical equation, based on 80 needle-probe tests on sands with a wide
range of particle sizes, saturation ratios, and void ratios. In addition to
above models, there are simpler mixed models based upon such as ar-
ithmetic, harmonic, and geometric means. These are statistical models
Fig. 2. Results of mineral quantitative analys
containing both fixed effects and random effects, and are known to be
particularly useful in computation of multi-phase thermal conductivity.

An analytical solution was attempted by Germant [22]; he evaluated
the thermal conductivity of an array of chipped spherical particles with
circular areas of contact between them. After that, De Vries [23] sug-
gested a soil thermal conductivity model based on Maxwell's equations
for the electrical conductivity of uniform spheres dispersed within a
continuous fluid. A previous model [23] was extended by Penner [24]
to accommodate frozen soils after extensive experiments [25]. Gori
is using X-ray diffusion (XRD) method.



Table 1
Results of mineral quantitative analysis and particle thermal conductivity.

Soil Mineral portion (%)a λp
b (W/m K)

Quartz
(7.69)

Microcline
(2.49)

Albeit
(1.96)

Kaolin
(3.0)+

Orthoclase
(2.32)

Muscovite
(3.48)

Illite
(3.0)+

Chlorite
(5.15)

SJ 25.6 27.6 31.7 1.1 – 7.9 5.1 – 3.572
KP 28.6 19.0 28.5 9.0 – 6.8 – 1.1 3.491
KI 38.3 17.0 10.0 13.9 – 12.2 7.5 1.1 4.216
KT 32.9 19.3 5.0 26.2 – 4.9 5.5 3.0 4.036
BG 38.5 – 23.5 17.9 19.2 – – 0.6 3.875
SY 28.2 21.8 24.6 13.8 – 5.9 4.2 0.8 3.504
CD 40.7 – – 30.8 17.4 11.1 6.044
CY 43.9 – 13.8 25.5 16.8 – – 4.750

Each mineral's thermal conductivity was obtained from the literature [38].
a Provided by KIGAM (Korea Institute of Geoscience and Mineral Resources).
b λp: Particle thermal conductivity.
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[26] originally proposed a cubic-cell model for unsaturated frozen soils
and it was tested with experimental data of two-phase media [27–28].
Since then, Tarnawski [29] proposed a modification that made the
model valid for unfrozen soils. Gori and Corasaniti [30] considered the
effect of increasing thermal conductivity of the gas phase (air) due to
humidity in the model to improve its use at high temperature. More-
over, Haigh [31] developed an analytical solution based on unidirection-
al heat flow through a three-phase soil element, and it was validated
against a database of test measurements. Recently, Gori and Corasaniti
[32] presented a new theoretical model with quasi-spherical solid
grain, extending the original proposal for two-phase media in [33] and
presented in preliminary form in [34].

To summarize, many previous studies have dealt with evaluation of
the thermal conductivity of unsaturated multi-phase soil. Even though
there has been great progress by these many researchers, some chal-
lenges remain. Because most empirical models are applicable to certain
types of soil (e.g., sandy or coarse materials), proof is needed to show
that they are also applicable to other kinds of soil. Also, because theoret-
icalmodels tend to be valid for a limited range of soil porosity (or degree
of saturation), they encounter difficulties in practical use if the soil
conditions exceed to their valid range.

In this paper, a new empirical model to predict thermal conduc-
tivity is presented, based on experimental databases that appear par-
ticularly applicable to modeling of unsaturated weathered granite
soils. First, to establish the experimental databases, a number of
thermal conductivity tests were conducted using a new probe sys-
tem combined with a volumetric pressure extractor. Thereby, 162
data were collected and applied to the prediction model. The predic-
tion model so developed has two empirical coefficients that
Table 2
Previous prediction models applied to thermal conductivity test analysis.

Model Prediction formula Remark

Kersten
[15]

λ=0.1442(0.7logw+0.4) ⋅100.6243ρd ρd in g/cm3

Johansen
[16]

λ ¼ ðλsat−λdryÞ � ð0:7 ; logSr þ 1:0Þ;
whereλsat ¼ λ1−n

p λn
w; λdry ¼ ð0:137ρd þ 64:7Þ=

ð2700−0:947ρdÞ � 20%

ρd in kg/m3

Côté and
Konrad
[19]

λ ¼ ðλsat−λdryÞ � ½kSr=ð1þ ðk−1ÞSrÞ� þ λdry ;

wherek ¼ empirical parameter; λdry ¼ χ10−ηnχ ¼ 0:75
for soil; η ¼ particle shape parameter; n ¼ porosity

Coarse-fine
grained
soil

Lu et al.
[20]

λ ¼ ðλsat−λdryÞ � ð ; expfα½1−Sα−1:33
r �gÞ;

where α ¼ 0:96 for coarse soil; λdry ¼ −0:56nþ 0:51;

n ¼ porosity

Coarse
grained
soil

Geometric
mean
model

λ ¼ ∏λx j
m j
; x ¼ volumefraction; j ¼ soilgrain;

porewater; andporeair

Theoretical
model

w: moisture content, Sr: degree of saturation, λp: thermal conductivity of soil particle, λw:
thermal conductivity of water (= 0.57 Wm−1 K−1).
determine the shape of graph. However, these coefficients are diffi-
cult to determine without conducting experiments. Accordingly, in
this paper we propose the use of an artificial neural network model
that can directly obtain the empirical coefficients, without experi-
ments, given just the information on the soil properties. Then we
evaluated the applicability of the model by testing with the data
sets that had not been introduced during the training stage.
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Fig. 3. Comparison results of experiments with previous prediction models.



Fig. 4. Reliable thermal conductivity estimation model for unsaturated weathered granite
soil.
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2. Materials and methods

2.1. Thermal conductivity test and soil properties

In this study, a typical needle probe device, TP08 [35], was used
to measure the soil thermal conductivity. This is because it has a
shortmeasurement time,which is a great advantage in developing a da-
tabase of thermal properties. Once heat is injected by the needle probe,
it induces a thermo-electromotive force, after which the thermal
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Fig. 5. Comparison results of experiments a
conductivity can be measured in a non-steady state. Fig. 1 shows a
schematic diagram of an entire thermal conductivity test. Choi [36]
developed a new probe system combined with a volumetric pressure
extractor, in order to measure soil thermal conductivity and SWCC
(soil-water characteristic curve) simultaneously. In this study, we
used this measuring setup and investigated how the degree of satura-
tion affects the soil thermal conductivity. The test was conducted
according to ASTM D2325-68.

Soil samples were taken from representative areas in South Korea.
The basic properties of samples such as porosity, specific gravity, and
particle mineral composition were investigated. Thus, 162 data from
eight regions in Korea (SJ: Seoul Jeungneung [37], KP: Kangwon
Pyungchang, KI: Kangwon Inje, KT: Kangwon Taeback, BG: Busan
Geumjung, SY: Sejong Yungi, CD: Chunnam Damyang, CY: Chunnam
Yeosu) were collected for this study. In addition, to investigate the par-
ticlemineral composition of each soil sample,mineral quantitative anal-
yses were conducted using the X-ray diffusion (XRD) method (Fig. 2).
Hence, the particle thermal conductivities were finally obtained from
a mixed model as shown in Table 1.
2.2. Prediction model

It has been found from earlier study that water content greatly influ-
ences the soil thermal conductivity [15,25,39–42], because thewater con-
tent is strongly related to the contact area available for heat transfer
between soil particles. In this study, the thermal conductivity of each
soil was measured in a series of increasing volumetric water content
(saturation process). As summarized in Table 2, the prediction models
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Table 3
Data sets of soil properties and the empirical coefficients used for training.

Region λp n λdry λsat p q Reference

SJ1 3.572 0.260 0.3020 3.190 0.0618 4.896 Lee [37]
SJ2 3.572 0.320 0.2616 2.560 0.0664 5.386
SJ3 3.572 0.360 0.2032 2.020 0.0216 7.762
KP1 3.491 0.431 0.1630 1.215 0.0244 13.020
KP2 3.491 0.487 0.1840 1.445 0.0277 8.967
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of Kersten [15], Johansen [16], Côté and Konrad [19], Lu et al. [20], and the
geometric-mean-basedmodel were used to analyze the test results. Fig. 3
shows the results from comparison of the experiments and prediction
models. For weathered granite soils, the models of Johansen, Kersten,
and Côté and Konrad, generally overestimated the thermal conductivity
compared to the test results, while the geometric-mean-based model
overestimated at low moisture levels, and underestimated at high mois-
ture levels. Because the previous prediction models are applicable only
to certain types of soil, these models did not provide predictions with a
high degree of accuracy. Accordingly, our study was focused on develop-
ing a new predictionmodel, based on experimental databases that might
be particularly applicable to weathered granite soils.

λeff ¼ λsat þ λdry−λsat
� � � 1

1þ p � exp q � Srð Þ ð1Þ

The new prediction model (Eq. (1)) has lower and upper bounds,
and the value varies with degree of saturation (Fig. 4). The lower
bound (λdry) and upper bound (λsat) can be obtained from several
mixedmodels such as arithmetic, harmonic and geometricmean.More-
over, p and q are the curve-fitting coefficients that determine the shape
of the graph; coefficient p plays a role in movement of the x-intercept,
while coefficient q is related to the slope of the graph. As shown in
Fig. 5, the newpredictionmodel was in good agreementwith the exper-
imental results for all moisture levels tested, and the curve fitting coef-
ficient p and q couldfinally be determined. In fact, however, it is not easy
to determine these coefficients unless experiments are conducted. To
make the model more practical, an alternative that could estimate the
coefficient p and q values without experiments was required. Accord-
ingly, in this paper we propose the use of an artificial neural network
model that can directly predict the p and q values given only informa-
tion about the soil properties.
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3. Prediction of coefficients using an artificial neural network

3.1. Artificial neural network

An artificial neural network (ANN) is a computational technique ca-
pable ofmapping and capturing all features and sub-features embedded
in a large set of data, and that yields a certain output. The ANN handles
imperfect or incomplete data, and captures nonlinear and complex
relationships among variables of a system. For these abilities, the ANN
has been recognized as a powerful tool for modeling.

As shown in Fig. 6, nodes in a feed forward network are generally
arranged in layers, starting from a first input layer and ending at the
final output layer. The input layer provides information to the network.
In the hidden layer, which is placed between the input and output layer,
each node multiplies every input by its interconnection weight, sums
the product, and then passes the sum through a transfer function to
produce its result. Finally, the output layer consists of values predicted
by the network and, thus, represents the nodal output.

The number of hidden layers and the number of nodes in each
hidden layer are usually determined by trial-and-error. Each neuron/
node is an independent computational unit, which works according to
the following formula:

yj ¼ f
X

wijxi þ θ j

� �
ð2Þ
KP3 3.491 0.526 0.1140 1.245 0.0635 7.649
KP4 3.491 0.534 0.2130 1.330 0.0141 10.170
KP5 3.491 0.575 0.1930 1.233 0.0147 9.796
KI1 4.216 0.509 0.1510 1.052 0.0978 6.784
KI2 4.216 0.590 0.1130 1.118 0.0379 8.138
KT1 4.036 0.476 0.2090 0.917 0.0524 6.257
KT2 4.036 0.581 0.1270 0.533 0.0181 16.900
BG1 3.875 0.483 0.1510 2.174 0.0776 3.599
BG2 3.875 0.565 0.1120 1.409 0.0980 3.475
BG3 3.875 0.605 0.1850 1.215 0.0301 9.304
SY1 3.504 0.479 0.1480 1.331 0.1020 5.875
SY2 3.504 0.561 0.1050 1.193 0.0476 9.120
SY3 3.504 0.558 0.1800 1.272 0.0400 8.684
CD1 6.044 0.568 0.1941 1.581 0.0438 7.907
CD2 6.044 0.607 0.2069 1.441 0.0178 10.110
CD3 6.044 0.668 0.1183 1.248 0.0140 10.580
CY1 4.750 0.555 0.1810 1.465 0.0764 6.324
CY2 4.750 0.501 0.2370 1.641 0.0669 7.876
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where yj = the transformed output by the jth hidden or output neuron,
xi=the input of the ith neuron in the previous layer,wij=theweight of
the connection joining the jth neuron in a layerwith the ith neuron in the
previous layer, θj = the bias at the jth neuron, and f= the transfer func-
tion that controls the output of a neuron, or squashes it to a finite range
(−1, 1). The weight indicates the strength of the connection while the
bias increases the net input to the transfer function, leading to an in-
crease in error convergence.

One of the main problems that occur during training of a neural net-
work is called overfitting. Although the error of a training set is driven
to a very small value, as new data are presented to the network,
the error can become large. This phenomenon occurs more often when
data are insufficient. Tominimize the overfitting problem, Bayesian regu-
larization can be applied to a back-propagation neural network [43,44].
This regularization technique considers the goodness of fit, as well as
the network architecture, and a short description of it follows. Typically,
training aims to reduce the sum of squared errors F= ED. However, reg-
ularization adds an additional term, and the objective function becomes
F= βED + αEW, where EW is the sum of squares of the network weights,
and α and β are objective function parameters. The relative size of the
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objective function parameters dictates the emphasis for training. If
α bb β, then the training algorithm will drive the errors smaller. If
α NN β, training will emphasize weight size reduction at the expense of
network errors, thus producing a smoother network response [45].
3.2. Application of ANN to the prediction of unsaturated
thermal conductivity

Herein, we developed a new thermal conductivity prediction
model having two empirical coefficients, and these can be estimated
using the artificial neural network model (ANN) shown in Fig. 7. We
considered four major parameters (i.e., particle thermal conductivi-
ty, porosity, dry thermal conductivity, and fully saturated thermal
conductivity) as input parameters in the ANN model for predicting
the coefficient value p and q. Thus, twenty-three coefficient data sets
(Table 3) were collected and evaluated using the neural network.
Bayesian regularization was applied to a back-propagation neural
network for prediction.
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Table 4
Data sets of soil properties and the empirical coefficients for testing.

Region λp n λdry λsat p q

BG4 3.875 0.642 0.1480 1.132 0.0294 9.312
CN1 5.053 0.447 0.3400 1.904 0.0050 17.090
CN2 5.053 0.520 0.2320 1.623 0.0585 7.256
CN3 5.053 0.486 0.2400 1.752 0.0678 5.926
CI1 4.914 0.569 0.1800 1.443 0.0369 8.113
CI2 4.914 0.514 0.2120 1.625 0.0573 5.932

CN: Chunnam Namwon. CI: Chunnam Imsil.
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In general, it is useful to scale the inputs and targets before training
so that they always fall within a specified range [46]. In this study, the
inputs and targets were scaled to fall in the range [−1, 1]. In other
words, theminimum values of the original inputs and targets are scaled
to ‘−1’ and the maximum values of the original inputs and target are
scaled to ‘1’, respectively. After the network has been trained, vectors
that contain the minimum and maximum values of the original inputs
and targets should be used to transform any future inputs applied to
the network, just like the network weights and biases. Then the net-
work will be trained so that its output falls within the range [−1, 1],
and then these outputs are converted back into the same units used
for the original targets. Whenever the trained network is used with
new input, it should be preprocessedwith theminimum andmaximum
values computed for the training set. Meanwhile, the transfer function
in the first layer is the log-sigmoid function (a = 1/(1 + e-n)), and the
second (output) layer transfer function is the tan-sigmoid function
(a = 2/(1 + e−2n) −1).

As shown in Fig. 7, the ANN model developed in this study has a 4–
3–2 structure. It means that themodel has four nodes in the input layer,
three nodes in the hidden layer, and two nodes in the output layer. Fig. 8
shows the relationship between the R2 value and the number of neu-
rons in the hidden layer, in which R2 is converging to a high value
(N0.9) for both coefficient p and q when the model has more than
three neurons in the hidden layer. This is the reason that the model
has three neurons in the hidden layer. Fig. 9 shows the results simulated
by the ANNmodel, and those obtained from the tests, regarding the co-
efficients p and q. For both p and q, the model shows overall high accu-
racy and does not represent a biased distribution. After this finding,
these estimated coefficients could be applied to the thermal conductiv-
ity prediction model (Eq. (1)). Fig. 10 shows a comparison of the effec-
tive thermal conductivity obtained by the prediction model, with the
test results and the neural network simulation at various degrees of
water saturation. According to the results, the model showed that it
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Fig. 11. Comparison of the results obtained by A
could ensure an R2 of 0.96 in predicting effective thermal conductivities
without any biased distributions.

4. Verification of the trained network model

To evaluate the applicability of the trained network model, the
model was tested to predict the coefficients p and q for data sets that
had not been introduced during the training stage. Thus, six new data
sets were used for testing the network model (Table 4). As can be
seen in Fig. 11, the trained network model represented reasonable pre-
diction results from the new testing data (R2 N 0.80). The effective ther-
mal conductivity was computed using coefficients p and q predicted by
the ANNmodel, and then compared with the experimental test results,
as shown in Fig. 12. The ANN model demonstrated a reliable accuracy
(R2 = 0.9046) in predicting the effective thermal conductivity, even
when it used test data sets that were not part of the training data set.
The results predicted by the ANN model for each test sample are
shown in Fig. 13. It appears that the model traces the measured data
curve with fairly good agreement, depending on the sample porosity,
regional characteristics (especially mineral composition), and degree
of saturation. These results suggest that the proposed prediction
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Fig. 13. Prediction results of the ANN model for each test sample.
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model using ANN is reliable and applicable for predicting the effective
thermal conductivity of unsaturated weathered granite soils. Table 5
provides the weights and biases used for the trained ANN model, so
that others may make practical use of the model.
Table 5
Weights and biases for the trained ANN model.

First layer Second layer

Weight −4.0328 0.3925 2.5518 −5.3687 2.0435
−5.5608 3.9487 3.0511 −7.5233 3.3124

4.2562 1.1458 1.6304 5.5287 −3.2771
6.6301 −1.8604 3.8811

Bias −0.3159 0.0847
−1.3158 0.2039

5.0057
5. Summary and conclusions

In this study, a new empirical model for predicting thermal conduc-
tivity was presented that was based on experimental databases particu-
larly applicable to unsaturated weathered granite soils. The proposed
prediction model has two empirical coefficients, and these coefficients
could be obtained from a newly developed artificial neural network
model given only the information about the soil properties. To evaluate
the applicability of the network model, the model was tested with data
sets that had not been introduced during the training stage. The main
conclusions drawn from the study results can be summarized as follows.

1. An accurate prediction of effective thermal conductivity of unsaturat-
ed soil is important for several heat transfer applications. In this
study, a reliable method able to predict effective thermal conductiv-
ity with regard to the degree of saturation was proposed.
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2. The newly developed prediction model has two empirical coeffi-
cients that can be estimated by the artificial neural network (ANN)
model. Fourmajor parameters (particle thermal conductivity, poros-
ity, dry thermal conductivity, and fully saturated thermal conductiv-
ity) were considered input parameters, and twenty-three coefficient
data sets were used for developing the trained neural network.
Bayesian regularization was applied to a back-propagation neural
network for prediction.

3. Because the trained neural network model showed reliable accuracy
when having three or more neurons in the hidden layer, that is
the number of neurons used in the hidden layer; hence, the ANN
model has a 4–3–2 structure. The weights and biases corresponding
to this structure were also presented so that others can use the
trained ANN model more easily. The trained network model shows
overall high accuracy and it does not represent a biased distribution
in predicting the empirical coefficients. Moreover, the effective ther-
mal conductivity obtained by the prediction model with the neural
network simulation showed reliable accuracy (R2 = 0.96).

4. In order to evaluate the applicability of the trained network model,
the model was tested with data sets that had not been introduced
during the training stage. According to the verification results, the
trained network model demonstrated a reliable accuracy (R2 =
0.9046) in predicting effective thermal conductivity, even when the
model used test data sets that were not part of the training data
sets. Moreover, the model results traced the measured data curve
with fairly good agreement, depending on the sample porosity, re-
gional characteristics, and degree of saturation. These results imply
that the proposed predictionmodel using ANN is reliable and applica-
ble for predicting the effective thermal conductivities of unsaturated,
weathered granite soils.
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