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One of the most essential factors involved in unconventional gas reserves for drilling
and production is a suitable quality facies determination. The direct core and
geochemical analyses are the most common methods used for studying this quality.
Due to the lack of this data and the high cost, the researchers have recently resorted to
the indirect methods that use the common data of the reservoir (including petro-
physical logs and seismic data). One of the major problems in using these methods is
that the complexities of these reproducible repositories cannot be accurately modeled.
In this work, the quality of facies in shale gas is zoned using the deep learning
technique. The applied method is long short-term memory (LSTM) neural network. In
this scheme, the features required for zoning are automatically extracted and used to
model the reservoir complexities properly. The results of this work show that zoning
is done with an appropriate accuracy (86%) using the LSTM neural network, while it
is 78% for a conventional intelligent MLP network. This specifies the superior
accuracy of the deep learning method.

Seismic

Canning basin

Nomenclature
CALI: Caliper
DT: Interval transit time

GR: Gamma-ray

LLD: Latrolog deep

NPHI: Neutron porosity
RHOB: Bulk density

SP: Spontaneous potential

AT Acoustic impedance

TOC: Total organic carbon
Tumax: Maximum of temperature
BQ: Bad quality

GQ: Good quality

1. Introduction

Unconventional gas resources are important
energy resources that have been successfully
developed throughout the world in the current
century [1, 2]. Many studies have been done on the
structural progress, pore features, and existence
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mechanisms of shale gas [3-9]; however, the
quantitative characterization of shale gas quality is
relatively rare. At the present time, some
experiments such as the geochemical, routine test,
and X-ray diffraction are used in order to check
some shale properties [10]. Also in gas-rich
reservoirs, the response of surface geophysics
(seismic) and well-log interpretation is very
practical [11].

The facies quality has been usually applied to
petro-physical logs. Sandstone and limestone are
defined based on GR log and neutron-density cross
plot. Lower Cambrian shales in Cengong block are
associated with the high GR and total organic
carbon (TOC) values. The low amounts of thorium
(Th) and potassium (K) suggest a low clay content.
Neutron-density cross-over is generally linked with
the gas-bearing shale beds [12]. Brittle shale beds
have been well-developed, and the gas storage
capacity of the lower Cambrian shale reservoir has
been affected by faulting and folding, to some
extent [13]. Some researchers have used petro-
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physical logs in order to model the geochemical
parameters of reservoirs such as TOC or maturity
of gas or oil in gas shales [14-20].

The geophysical responses have been used in
modelling and characterization of the facies
quality. For example, a quantitative study has been
done about the effect of TOC on the seismic elastic
parameters by a measurement of the artificial rock
samples under specific formation pressures. [21].
Ashraf et al. (2019) have evaluated the sand facies
with combination of electro-facies analyses,
historical production data, and seismic attribute
analyses. Also in order to achieve the maximum
production, they used 3D seismic and well log data
[22]. Some researchers have used this idea to
acquire a high efficiency and realize an actual
production of shale gas [23-25]. Daniel et al.
(2009) have found out that the gas content has a
good relation with porosity and TOC [26].

According to what mentioned above, various
qualitative and quantitative approaches have been
applied to determine the quality of gas-containing
facies. In a qualitative modeling, the various
characteristics of the formations must be accurately
obtained. Rock facies of formations are considered
as an important parameter in identifying the
heterogeneity in each layer. In the quantitative
method, the quality of gas and oil facies is
determined by the quantitative data using the
thresholds related to the desired organic matter.
The most common data used in a direct quantitative
estimation method is the geochemical data. The
biggest problem is the lack of this data due to its
cost, and this causes the accuracy of the models and
their evaluations to be affected. Hence, many
researchers have turned to the indirect evaluations.
Due to the complexity of the relationships between
the geochemical and geophysical parameters, the
methods based on simple or multivariate regression
fitting have given way to the intelligent methods.
In this work, it was attempted to use a new direct
quantitative method. This complex model is deep
learning (LSTM neural network), which uses the
seismic and petro-physical data for zoning the
quality of gas facies.

272

Journal of Mining & Environment, Vol. 12, No. 1, 2021

2. Studied area and dataset

The Canning basin is a large complex basin with
a NW-SE trend, which is located in northwestern
Australia [27-29]. This is a completely coastal
sedimentary basin with an area of about 595,000
square kilometers. Its northwestern trend is
controlled by the Precambrian cratons that
surround the Canning basin [28].

Sediments of Ordovician age, in fault-controlled
sub-basins, have started with the coarse silicate
marginal sediments and shallow marine sediments
of the Nambit formation. An increased marine
progress leads to sedimentation of the Willara
formation in most of the Canning basin covered by
carbonate of the Nambite formation [30]. The
maximum inundation is characterized by the
widespread deposition of Goldwyer formation in
Ordovician including the bromine platform with
the greatest distance from the center below the
Kidston and Willara basins [31]. This formation
mainly consists of shales with nested limestone

rocks that are located in confined marine
environments and also includes grapolites,
trilobites,  brachiopods,  condontents,  and

grappropods [30]. As mentioned earlier, the
Goldwyer formation has an excellent potential for
organic matter in the areas where many fossil green
algae are found [32]. The stratigraphy and
petroleum systems of the onshore Canning basin is
illustrated in Figure 1.

In this research work, the quality facies zoning
was carried out using the petro-physical logs
including GR, DT, CALI, SP, RHOB, NPHI, and
LLD of a well in a seismic profile and the acoustic
impedance (Al) data was acquired by inversion of
the post-stack seismic data in the Western
Australia. This work focuses on the Goldwyer
formation. The geochemical evaluation of the
Goldwyer formation is performed from the results
listed in the Foster's paper in 1986 [34]. The facies
quality in shale gas (for validation of the model as
real data) was determined using the organic
geochemical data, which was mainly the TOC,
maturity, and core reports.
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Figure 1. A litho-stratigraphical diagram of petroleum structures for the Canning basin [33].

3. Methodology

Machine learning is a sub-division of artificial
intelligence, and includes the techniques that
enable the computer to recognize the data on its
own in order to figure things out and provide the
artificial intelligence applications. The reason for
why the early researchers found some problems
much more difficult was that the problems could
not be solved with the basic techniques used in
artificial intelligence. Deep learning is a type of
machine learning systems that are based on the
artificial neural networks (e.g. LSTM that has three
types of input, output, and hidden layers) and can
be used for unsupervised activities. This is
significant in practice as the unlabeled data is more
than the labeled data [35, 36]. In this system, every
level learns to turn the input data into a somewhat
more abstract and hybrid display. What matters is
that a deep learning method, on its own, can learn
which features to optimally place at which level.

The most recent deep learning models are based
on the artificial neural networks. LSTM is a type of
the neural networks that is used as a deep learning
technique. The LSTM network, like all the neural
networks, has three types of input, output, and
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hidden layers. LSTM is also one sort of model or
structure for serial data that appears for the growth
of the recurrent neural networks (RNNs). The
LSTM networks have a sequence or chain-like;
nevertheless, the iterative unit has a diverse
structure. Instead of one layer of the neural
networks in the hidden layer, they have four layers
in each hidden layer that interact with each other
according to a special structure [37].

The first data enters the hidden layer, and the
training process in the first layer is done according
to the structure shown in Figure 2.

The cell state is actually a conveyor belt that
transfers the existing knowledge linearly from one
layer to another. The multiplication sign (the result
is between zero and one) is to preserve the
knowledge or not, and the plural sign means to add
a new knowledge. However, what data and how it
enters the cell state is determined by the gateways.

The gates generate the data between zero and one
with a sigmoid function. Therefore, by performing
the multiplication operation in the sigmoid, the
share of each data in the transfer and the next steps
can be determined. In the first gate from the left,
which is called the input gate (forgetting), the new
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data is entered, and by specifying a value between
zero and one and the multiplication operator, the
result obtained is sent to the cell state. The second
gate on the left is called the update gate. The new
data enters this gate and passes through the sigmoid
function like the previous gate; however, before
reaching the cell state, it combines with the data of
the previous layer, which passes through the
transfer function (hyperbolic tangent) and
multiplies by the cell state that goes to add to the
cell state (with the addition of operator). In fact, the
transfer function generates a new knowledge, and
the update gateway determines the share of this
knowledge to be transferred to the cell state.

Next, in order to construct the network output,
the cell state value passes through a hyperbolic
tangent operator to set a range of numbers in the
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new cell state between -1 and 1. Also in the third
gate (output gate), the data required for modeling
at the desired depth is selected and the share of each
is determined by the sigmoid function. Finally, the
output of this gate is multiplied by the output of the
cell state, which passes through the hyperbolic
tangent operator, and the results are presented as
the output of the desired hidden layer. Ifthis hidden
layer is not the last hidden layer in the network, this
output is sent to the next hidden layer, and this
process is repeated in the new hidden layer with the
new data. If this hidden layer is the last hidden
layer in the network, its output is taken to the
output layer. The model's output is matched with
the actual data, and the error is obtained. In order
to reduce the error, the weights acting on the gates
are optimized to minimize the error [38].

(t-1)th hidden layer @ Cell State (t+1)th hidden layer @
intwi Operator A
pointwise Output
\ operations tan(h)t ) \ T
4 ) \
= DD > —»>|
Eanid
A W A
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@ Nee input Transfer function @

Figure 2. Three hidden layers in an LSTM. The iterating unit in a LSTM comprises four interacting layers (gates
and transfer function) in the hidden layers [37].

4. Result and Discussion

For zoning the quality of gas facies, the data is
first prepared to enter the network. As stated in
Section 2, the data is of two categories. The first
category is the petrophysical logs. The second set
of data is the post-stack seismic trace, which is
inverted using a model-based method to produce
the acoustic impedance (Al) data. Then both of
them should be normalized using Equation 1.

Xi — Xmin
Xnorm =

(D

Xmax — Xmin

Here, a two-dimensional (2D) section of the Al
data (Figure 3) of a seismic profile is used. Once
preparing the data, the quality zoning of gas facies
is done using the LSTM network in the interested
zone (1270 m-2120 m). Here, the common
functions such as the sigmoid (for the input,
update, and output gates) and the hyperbolic
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tangent (for transfer from the gate to the cell state)
are used. By repeating and running the program for
several times, it was found that in the best case, the
size of the hidden layer was set to 10 with a
maximum of 50 epochs. The network
specifications used are shown in Table 1. The input
data is the petrophysical logs and acoustic
impedance. The network first selects the optimal
number of zones and then divides the data into
these zones and presents the result as a specific
code. One of the advantages of this method is that
it automatically selects the optimal number of
zones. Its mechanism is that the number of optimal
zones is the value that has the least error and the
highest network efficiency. The results of this
zoning are validated by the results of the core
reports. The optimization of LSTM was chosen by
a common algorithm as a conjugate gradient
method.
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Figure 3. Model-based inverted acoustic impedance in seismic profile 18, where the location of well is shown at

The zoning results show that the facies in this
seismic section are divided into two main zones.
According to the core reports, the blue parts can be
considered as the good quality (GQ) zones, and the
green parts can be considered as the bad quality
(BQ) zones in the figure. This shows that the
complexities in the model are identified using the
deep learning algorithm. Of course, it is clear that
in some depths, the clustering is not done well and
some inter-layers are located between the zones.
Nonetheless, these inter-layers do not have much
effect on the final interpretation (Figure 4). The
accuracy of this method is better evaluated by

CDP 65.

extracting an estimated column of zoning quality at
the well location of a 2D cross-section (Figure 4)
and compared with the actual data (based on the
core reports and geochemical data) for this well.
Although the proposed method has an accurately
modeled two existing zones, the zoning related to
the bad quality of gas facies is less accurate (Table
2 and Figure 6). By comparing the real data and the
model results at the well location, it can be found
that the offered model has an acceptable accuracy.
According to the confusion matrix, the suggested
zoning accuracy is 86% (Table 2).

Table 1. Specifications of the designed LSTM network.

Type Value

Input layer Petrophysical logs & acoustic impedance
Input gate Sigmoid
Update gate Sigmoid
Transfer function from input to cell state Tangent (hyperbolic)
Transfer function from output to cell state Tangent (hyperbolic)
Output gate Sigmoid
Initial weight to regularization 0.001
Sparsity regularization 4

Sparsity proportion 0.05

Hidden size 10

Max epochs 50

In order to compare the results of the LSTM
network with those of a conventional intelligent

method, a MLP network was designed to apply the
same data. The results of zoning by the MLP neural
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network can be seen as a 2D zoning section in
Figure 5. Its modelling accuracy is also seen in
Table 2, which is (78%) less than that (86%)
attained by the LSTM network. This indicates a
better accuracy of the deep learning method. The
noteworthy point in this table is that in addition to
the fact that the LSTM network is more accurate
than the MLP network, in the LSTM network, the
difference in accuracy in determining the two
zones is close to each other but this difference in
the MLP network is more than the LSTM network.

This figure shows that the LSTM network is better
than the MLP network at the well location. It can
also be seen in Figure 6 that the designed LSTM
network has a good performance for the border
detection between these two zones. Nevertheless,
at distances farther from the well, some noise can
be seen in the seismic section (Figs. 4 and 5). This
distortion may be due to the structural factors such
as the anisotropy, heterogeneity, low-maturity of
organic matter, changes in porosity and shale
permeability or estimation errors. Some of them
This specifies that the LSTM network is less (such as the depth of 1820 m to 1930 m) may be
dependent on the amount of data in the two zones. due to the changes in the rock material (shale and

The difference in the performance of the two marl).
networks in zoning can also be seen in Figure 6.

Table 2. Confusion matrix of LSTM network and MLP at the well location.

LSTM MLP
. . 914 8.6 85.7 14.3
Confusion Matrix [19.7 80.3 [29.9 70.1
Accuracy of classification (%) 86 78
Depth (m) CDP 20 40 60‘“‘/;3 80 100 120 140 160 180 200 Stratigraphy
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Figure 4. Results of the zoning of facies quality of the designed LSTM network as an unsupervised deep learning
technique along seismic profile.
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Figure 5. Results of the zoning of facies quality of the designed MLP network as an unsupervised technique
along seismic profile.
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Figure 6. Graphical comparison between the zoning results of real data (left column) and those acquired using
MLP (second column) and deep learning technique (third column) at the location of the specified well. The litho-
stratigraphy column of the well is in right column.

5. Conclusions

This paper proposes a novel approach for zoning
the facies quality from well logs and seismic data
using an unsupervised deep learning technique;
this is an unsupervised LSTM network. The input
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data are seven well logs (i.e. GR, DT, CALI, NPHI,
RHOB, LLD, and SP) related to a well, and one set
of 2D seismic acoustic impedance of the Canning
basin. The results obtained show that the quality
zoning of gas facies has been done well with an
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overall accuracy of 86% using the proposed
method. However, its accuracy is reduced at some
depth intervals. The zoning accuracy within some
inter-layers may be affected by several factors such
as the geological, environmental, and structural
noise, lack of data labeling, data deficiency, and
presence of the immature organic matter. Of
course, it is notable that as the distance from the
well increases, more noise is seen in the model,
which may be due to the lack of the real data at
distances farther from the well. Another important
advantage of the proposed method is that it does
not suffer from over-fitting in zoning, which can be
seen in determining these inter-layers. Moreover,
unlike the conventional methods in zoning and
clustering, the proposed method has a good
performance in border detection between the
zones. Another major advantage of this method
over the conventional intelligent methods such as
MLP is that in the deep learning networks, the
feature extraction is done automatically. This
superiority is clearly seen in the results obtained
from this work; the difference in accuracy in
determining each zone in the LSTM network was
11.1%, and in the MLP network, it was 15.6%.
This advantage is very important in the field of
earth sciences, where the data for different classes
is usually small and not equal.

Acknowledgments

The authors would like to appreciate the
Department of Mines and Petroleum of WA
Government, for their support in providing the data
and information.

References

[1]. Curtis, J.B., (2002). Fractured shale-gas systems.
AAPG Bull. 86 (11), 1921-1938.

[2]. Clackson, C., Haghshenas, B., Ghanizadeh, A. et
al., (2016). Nano pores to mega fractures: current
challenges and methods for shale gas reservoir and
hydraulic fracture characterization. J. Nat. Gas Sci. Eng.
31, 612-657.

[3]. Chen, L., Lu, Y.C., Jiang, S., Li, J. Q., Guo, T. L.,
Luo, C., and Xing, F. C., (2015). Sequence stratigraphy
and its application in marine shale gas exploration: A
case study of the Lower Silurian Longmaxi Formation
in the Jiaoshiba shale gas field and its adjacent area in
southeast Sichuan Basin, SW China. Journal of Natural
Gas Science and Engineering, 27, 410-423.

[4].Ma, Y.Q.,Fan,M.J., Lu, Y.C., Guo, X.S.,Hu, H.Y .,
Chen, L., Wang, C., and Liu, X.C, (2016).
Geochemistry and sedimentology of the Lower Silurian
Longmaxi mudstone in southwestern China:

278

Journal of Mining & Environment, Vol. 12, No. 1, 2021

Implications for depositional controls on organic matter
accumulation. Marine and Petroleum Geology, 75, 291-
309.

[5]. Jiang, S., Chen, L., Wu, Y., Jiang, Z.L., and
McKenna, E., (2017). Hybrid plays of Upper Triassic
Chang7 lacustrine source rock interval of Yanchang
Formation, Ordos Basin, China. Journal of Petroleum
Science and Engineering, 159, 182-196.

[6]. Shi, M., Yu, B.S., Xue, Z.P., Wu, J.S., and Yuan,
Y., (2015). Pore characteristics of organic-rich shales
with high thermal maturity: A case study of the
Longmaxi gas shale reservoirs from well Yuye-1 in
southeastern Chongqing, China. Journal of Natural Gas
Science and Engineering, 26, 948-959.

[7]. Yang, R., He, S., Hu, Q., Hu, D., and Yi, J., (2017).
Geochemical characteristics and origin of natural gas
from Wufeng-Longmaxi shales of the Fuling gas field,
Sichuan Basin (China). International Journal of Coal
Geology, 171, 1-11.

[8]. Doner, Z., Kumral, M., Demirel, I. H., & Hu, Q.,
(2019). Geochemical characteristics of the Silurian
shales from the central Taurides, southern Turkey:
Organic matter accumulation, preservation and
depositional environment modeling. Marine and
Petroleum Geology, 102, 155-175.

[9]. Cavelan, A., Boussafir, M., Rozenbaum, O., &
Laggoun-Défarge, F., (2019). Organic petrography and
pore structure characterization of low-mature and gas-
mature marine organic-rich mudstones: Insights into
porosity controls in gas shale systems. Marine and
Petroleum Geology, 103, 331-350.

[10]. Ying Tang, Runze Yang, Shuai Yin, Tailiang Fan,
Lingfeng Dong, and Yunchao Hou., (2019). Analysis of
continental shale gas accumulation conditions in a rifted
basin: A case study of Lower Cretaceous shale in the
southern Songliao Basin, northeastern China. Marine
and Petroleum Geology 101. 389—409.

[11]. Chen, S., Zhao, W., Xinming, G., Zeng, Q., Yang,
Q., and Gai, S., (2018) Predicting gas content in high-
maturity marine shales using artificial intelligence based
seismic multiple-attributes analysis: A case study from
the lower Silurian Longmaxi Formation, Sichuan Basin,
China, Marine and Petroleum Geology (2018), doi:
https://doi.org/10.1016/j.marpetgeo.2018.11.043.

[12]. Passey, Q.R., Creaney, S., Kulla, J.B., Moretti,
F.J., and Stroud, J.D. (1990) A practical model for
organic richness from porosity and resistivity log.
AAPG Bull. 74 (12), 1777e1794.

[13]. Shuangbiao Han, Jinchuan Zhang, Chao Yang,
Songtao Bai, Longxing Huang, Wei Dang, and
Chengshan Wang. (2016). Well log evaluation of shale
gas reservoirs and preservation conditions of Lower
Cambrian shale succession in Cengong Block of
southeast Sichuan basin, south China.Journal of Natural
Gas Science and Engineering 33. 337¢346.


https://doi.org/10.1016/j.marpetgeo.2018.11.043.

Asgari Nezhad, and Moradzadeh

[14]. Lashin, A. & Mogren, S., (2012). Total organic
carbon enrichment and source rock evaluation of the
Lower Miocene rocks based on well logs: October oil
field, Gulf of Suez-Egypt. Int J Geosci, 3, 683-695.

[15]. Liu, L., Shang, X., Wang, P., Guo, Y., Wang, W.,
& Wu, L., (2012). Estimation on organic carbon content
of source rocks by logging evaluation method as
exemplified by those of the 4th and 3rd members of the
Shahejie Formation in western sag of the Liaohe
Oilfield. Chinese Journal of Geochemistry, 31(4), 398-
407.

[16]. Guo, S. & Peng, Y., (2019). "Determination
method of shale gas content: A case study in the Ordos
Basin, China". Journal of Petroleum Science and
Engineering, 173, 95-100 .

[17]. Rui, J., Zhang, H., Zhang, D., Han, F., & Guo, Q.,
(2019). Total organic carbon content prediction based
on support-vector-regression machine with particle
swarm optimization. Journal of Petroleum Science and
Engineering.

[18]. Rui, J., Zhang, H., Ren, Q., Yan, L., Guo, Q., &
Zhang, D., (2020). TOC content prediction based on a
combined Gaussian process regression model. Marine
and Petroleum Geology, 104429.

[19]. Handhal, A. M., Al-Abadi, A. M., Chafeet, H. E.,
& Ismail, M.J., (2020). Prediction of total organic
carbon at Rumaila oil field, Southern Iraq using
conventional well logs and machine learning
algorithms. Marine and Petroleum Geology, 104347.

[20]. Zhu, L., Zhang, C., Zhang, C., Zhang, Z., Zhou,
X., Liu, W. et al., (2020). A new and reliable dual
model-and data-driven TOC prediction concept: A TOC
logging evaluation method using multiple overlapping
methods integrated with semi-supervised deep learning.
Journal of Petroleum Science and Engineering, 106944.

[21]. Altowairqi, Y., Rezaee, R., and Evans, B., (2015).
Shale elastic property relationships as a function of total
organic carbon content using synthetic samples. Journal
of Petroleum Science & Engineering. 133,392-400

[22]. Ashraf, U., Zhu, P., Yasin, Q., Anees, A., Imraz,
M., Mangi, H.N., and Shakeel, S., (2019) Classification
of reservoir facies using well log and 3D seismic
attributes for prospect evaluation and field development:
A case study of Sawan gas field, Pakistan, Journal of
Petroleum Science  and  Engineering, doi:
https://doi.org/10.1016/j.petrol.2018.12.060.

[23]. Chopra, S, Sharma, R., Keay, J., and Marfurt, K.,
(2012). Shale gas reservoir characterization workflows.
Expanded Abstracts of 82rd Annual International SEG
Mtg. 1-5.

[24]. Yang, R.Z., Zhao, Z.G., and Pang, H.L., (2012).
Shale gas sweet spots: Geological controlling factors
and seismic prediction methods. Earth Science
Frontiers. 19(5), 339-347.

279

Journal of Mining & Environment, Vol. 12, No. 1, 2021

[25]. Sharma, R. K., Chopra, S., (2015). Identification
of thin sweet spots in the Duvernay Formation of north
central Alberta. Seg Technical Program Expanded.1949,
1802-1806.

[26]. Daniel J.K., Ross, R., and Marc Bustin., (2009).
The importance of shale composition and pore structure
upon gas storage potential of shale gas reservoirs.
Marine and Petroleum Geology. 26(6), 916-927.

[27]. Kennard, J., Jackson, M., Romine, K., Shaw, R., &
Southgate, P., (1994). Depositional sequences and
associated petroleum systems of the Canning Basin,
WA.

[28]. Quintavalle, M. & Playford, G. (2008).
Stratigraphic distribution of selected acritarchs in the
Ordovician subsurface, Canning Basin, Western

Australia. Revue de micropaléontologie, 51(1), 23-37.

[29]. Garcia, M. P., Sanchez, G., Dentith, M., & George,
A., (2014). Regional structural and stratigraphic study
of the Canning Basin, Western Australia: Department of
Mines and Petroleum Government of Western Australia.

[30]. King, M., (1998). The Palaeozoic Play in the South
Canning Basin-Results of Looma 1.

[31]. Romine, K., Southgate, P., Kennard, J., & Jackson,
M., (1994). The Ordovician to Silurian phase of the
Canning Basin WA: structure and sequence evolution.

[32]. Brown, S., Boserio, 1., Jackson, K., & Spence, K.,
(1984). The geological evolution of the Canning Basin-
implications for petroleum exploration.

[33]. Geological Survey of Australia and Petroleum and
Royalties Division, (2007). Summary of petroleum
prospectively, Western Australia 2007: Bonaparte,
Bight, Canning, Officer, Perth, Northern Carnarvon, and
Southern Carnarvon Basins: Western Australia
Geological Survey, 32p.

[34]. Foster, C.B., O'Brien, G.W., & and Watson, S.T.,
(1986). Hydrocarbon source potential of the Goldwyer
Formation, Barbwire Terrace, Canning Basin, Western
Australia. APEA Journal, 26, p142-155.

[35]. Barat, C. & Ducottet, C., (2016). String
representations and distances in deep convolutional
neural networks for image classification. Pattern
Recognition, 54, 104-115.

[36]. Li, Y, Xie. W, and Li, H, (2017) Hyperspectral
image reconstruction by deep convolutional neural
network for classification, Pattern Recognition 63.371—
383.

[37].
LSTMs/.

[38]. Nurhaida, I., Noprisson, H., Ayumi, V., Wei, H.,
Putra, E. D., Utami, M., & Setiawan, H., (2020).
Implementation of Deep Learning Predictor (LSTM)
Algorithm for Human Mobility Prediction.

http://colah.github.io/posts/2015-08-Understanding-


https://doi.org/10.1016/j.petrol.2018.12.060.
http://colah.github.io/posts/2015-08-Understanding-

1799 Jlo ol o jlass 003553 0,90 iCoy jlaors 5 oo didghy — cale 4l 03ljol o g Ol (5 Kue

Guos (95 0b W9y awgd (631 gl i j0 o jlws ) CondenS (g9 9

“olole (e g o5 g Sme g
Olnl el (ol s oGS (38 (laouSiild wd 1 «(ydmo (oo 0aSLiSlS
VOVVAIY e Gpdy XY NYNE L)

a_moradzadeh@ut.ac.ir :olslKe Jgtus odim g #

HRWE

5 050 s adlllae gla s, ol caslio lao b ) Cud S e ) BB 0yt g g )lim sl B Bl 8 B3 0 S Lelse (niage (S
el e ol audss o5 azm 5 laosls cal S3eeS s &y s | S nl aslllae (sl onliin | 390 slois, ()3 gl otloancd 55 el 5 3o
e ) s ool 53, 25 ze oolitil (slog) (slaosls 5 Saidsst sl 55 ez ) e Jshie (slaosls 5l losT o & v (sloLbs, &
5 et o o) i allie ol o 55 (sl Je 555 5 41 |y bk ol (6o Sy lgioses 45 sl ol la s, ) 5 odliol )0 oac
3 9590 oSy 29y Gl 3 Sl (LSTM) iy Sote oigS abible (cae 4ot oad Jlosl (g, 093 00 5320095 Bros S0k 29, 5 odlial b
S32095 45 W30 (L IS ol lis 0,25 o0 )3 oslisl 0,90 (e (o Sz e ilwdie sl 5 00 gliul 5o b 4 sungs
235 6 p ol cpl i VA T s MLP g, e oS Sy (gl 45 o o el o ploxil LSTM _oae 455 3 oslizal L (JAP) aslie 250 |

S o gatein |y Broe (580l s,

oS asg> (6 Ko) )0 eols ((Sosdayn o) Bas (550l dao)lus ) LaaS suiye; fgiedlS WlodS



mailto:a_moradzadeh@ut.ac.ir

