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Abstract. In the last two decades, oil and gas (O&G) industries are facing sev-
eral challenges and issues in different levels; from the decrease in commodity
prices to the dynamic and unexpected environment. There has been a constant
urge to maximize benefits and attain values from limited resources. Traditional
empirical and numerical simulation techniques have failed to provide compre-
hensive optimized solutions in little time due to the Immense amount of data
generated on daily basis with various formats, techniques and process. The
proper technical analysis of this “explosion of data” is to be carried out to im-
prove performance of O&G industries.

Artificial intelligence (Al) has found extensive usage in simplifying complex
decision-making procedures in practically every competitive market field, and
0&G industry is not an exception. This paper provides a comprehensive state-
of-art review in the field of machine learning and artificial intelligence to solve
0&G industry problems. We focus on the upstream segment as the most capi-
tal-intensive part of oil and gas and the segment of enormous uncertainties to
tackle. Based on a summary of various researchers work on machine learning
and Al applications, we outline the most recent trends in developing Al-based
tools and identify their effects on accelerating the process in the industry. This
paper discusses also the main challenges related to non-technical factors that
prevent the intensive application of Al in the upstream O&G industry.
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1 Introduction

Digital transformation has a tremendous influence on business and society. With time
it has been regarded as the "fourth industrial revolution", characterized by the conver-
gence of technologies that blur the boundaries between the physical, digital and bio-
logical realms, such as artificial intelligence, robotics and autonomous vehicles. Arti-
ficial Intelligence (Al) technology is gaining considerable attention and becomes the
most important general-purpose of today [1]. Because of its rapid response speed and
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robust capacity for generalization, it is quickly entering industries and creating poten-
tial of innovations and growth. Al triggered substantial changes and transformed the
competition rules in media, transportation, finance and healthcare. Instead of relying
on traditional and human-centered business processes, companies from these indus-
tries create value using Al solutions [2]. Advanced algorithms trained on large and
useful datasets, and continuously supplied with new data drive the value creation
process.

However, not only companies from digital-savvy industries are profiting from Al. Oil
and gas companies are the latecomers to digitalization [3, 4], but they are also getting
more and more dependent on Al solutions. Although the first applications of Al in the
oil and gas industry were considered in the 1970s [5], the industry has started to look
more proactively for Al application opportunities several years ago [6, 7]. It coincides
with the exponential growth of Al capabilities and the industry’s movement towards
the Oil and Gas 4.0 concept, whose core goal is to achieve higher value utilizing ad-
vanced digital technologies [8].

As oil and gas companies are much quicker to adopt new technologies than to exper-
iment with and change their business models [12], their AI’s primary target (and other
digitalization) efforts are to improve efficiency. In practice, that typically means to
accelerate processes and reduce risks [5, 8].

the application of Al technology in the petroleum field, in order to organize regular
relevant discussions. Based on the search result from the Onepetro platform, the num-
ber of articles on Al has increased significantly the last decade, whose main algo-
rithms include the artificial neural network (ANN), fuzzy logic, support vector ma-
chine (SVM), hybrid intelligent system (HIS), genetic algorithm (GA), particle swarm
optimization (PSO), etc. This suggests an increasing interest of the researchers in the
application of artificial intelligence in the oil industry, and among all the algorithms,
the ANN is the most studied one (Fig. 1).

Oil and gas deposits are often located thousands of feet below the earth’s surface. The
process of extracting oil and gas from these depths to the surface, and then converting
it into a usable source of energy involves a large variety of operations. Fig. 1 shows
different sectors in the oil and gas industry operations. Broadly, the entire process of
producing oil and gas is divided into the three industry sectors, upstream sector, mid-
stream sector and downstream sector. The upstream summarizes the subsurface (min-
ing) part of the industry, operations in the upstream industry are focused on identify-
ing locations below the earth’s surface, which have the potential of producing oil and
gas. Following the identification of a potential reserve, detailed planning of explora-
tion, drilling oil wells, and producing oil and gas also comes under the upstream in-
dustry. Midstream stands for transportation of oil and gas, and downstream is for
refinery i.e., production of fuels, lubricants, plastics, and other products.

In this paper we focus our research and discussion on the upstream sector by explain-
ing in detail many of the upstream activities, we discuss points where Al solutions are
already applied and their results. We also highlight where we expect Al to be used
and what results can come out of its application.

The upstream is of particular interest as it is the most capital-intensive and important
of the three segments in the oil and gas business [9]. The saying "one rock, two geol-
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ogists, three opinions" tells a lot about the high uncertainties and risks oil and gas
companies have to deal with. Manual handling of theses enormous uncertainties and
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Fig. 1. Al the statistic of increasing number of articles on Al algorithms in Onepetro.

the rely to expert knowledge instead of the actual data can be very risky specially
when making multibillion decisions on where and how to invest in the coming 5-20
years. However, despite the complex and uncertain nature of management problems
in the sector, the single-criterion approaches have historically dominated decision-
making [10]. To use existing field data to account for uncertainties associated with
practitioners’ subjective perception and decision-making based on experience, the
first steps in using artificial intelligence and machine learning in the upstream are
made, becoming increasingly popular [9]. The paper summarizes the different re-
search works using Al to solve the problems and limitations in upstream sector. We
covered the Al based researches in the whole spectrum of the upstream activities,
geological assessment of the reservoirs, drilling optimization, reservoir engineering,
field development, and production optimization.

The paper is organized as follow, in Section 2, a brief overview of the Al ap-
proaches and algorithms is outlined with a description of the most used algorithms in
the sector. In Section 3, we discuss the use of Al based tools in the different sections
of upstream sector and identifying their effect on the accelerating process and enhanc-
ing performances. We discuss in Section 4 the main challenges face the Al intensive
application in the industry. Finally, we conclude with perspective of how Al can
change the upstream sector and probably the whole O&G industry in the nearest fu-
ture.

2 Machine learning algorithm
Machine Learning is a subset of Artificial Intelligence. ML involves teaching the

machines to handle large datasets for recognizing the patterns and extracting the rele-
vant information with an enhanced efficiency. The computer science and technology
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focusing on building machines when combined with the statistical tools and infer-
ences provides remarkable outcome as ML. As depicted in Fig. 2, ML has broadly
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Fig. 2. Sectors of Oil and Gas industry

been classified into: Supervised learning, Unsupervised learning, Semi-supervised
learning and Reinforcement learning. In supervised learning, the data-driven model is
built by processing a known labeled dataset that includes desired inputs (features) and
outputs (labels/responses). Supervised learning finds the model that generates the
outputs based on the inputs. A physics-driven model is a theory-based mathematical
mapping that relates the input and output, whereas supervised learning identifies pat-
terns in the available dataset, learns from observations, and makes the necessary pre-
dictions based on statistical mapping of inputs and outputs. During the process of
building the supervised learning model, the predictions are compared to the output
and the model is improved based on a loss function. This process continues until the
data-driven model achieves a high level of accuracy and performance so the loss func-
tion can be minimized. Unsupervised learning processes datasets to identify patterns,
relations, and commonalities without using examples, labels, and human instruction.
This ML technique organizes the data in a certain way that describes the structure,
variance, density, distribution, etc. of the dataset. This might mean grouping the data
into clusters or arranging it in a way that looks more organized or easy to visualize.
Few examples of unsupervised learning: dimensionality reduction, data compression,
manifold learning, and feature extraction. An inherent issue with unsupervised learn-
ing is to assess the efficacy and reliability of the model. A training set encompassing
unlabeled and labeled datasets characterizes semi-supervised learning algorithms.
This approach can yield better results in some cases compared to supervised learning
techniques. Finally, using trial and error, the algorithm repeatedly self-trains in rein-
forcement learning. Feedback is provided to the algorithm on the causes of error but
no instruction for error rectification is provided.

404



Machine Learning

l

Supervised Unsupervised Semi-supervised Reinforcement
Learning Learning Learning Learning

Fig. 3. Classification of ML approaches

3 Applications of ML in upstream oil and gas

This section of the paper focuses on the researches that have been conducted to im-
plement the ML tools and techniques in various sectors of upstream oil and gas indus-
try which have been mainly categorized into Exploration & Drilling Operations, Res-
ervoir Engineering, and Petroleum Production System. We have reviewed over 173
works compared machine learning techniques with traditional models. Most of them
showed that the use of learning algorithms provided a more-accurate prediction than
the use of traditional models. The reason for that is the capability of those models to
capture non-linear relationship among the variables. Fig. 2 shows the ML methods
used in the studies as well as their dispatching per discipline in upstream sector. As
shown in Fig. 2. a), ANN were employed 59 times followed by homogeneous ensem-
bles (e.g. RF, GBM) which used 17 times then followed by the other techniques. In
the scope of studies reviewed in this paper we can notify that ML used 78 times in
drilling optimization followed by the production discipline with 41 studies then the
exploration with 35 studies over the 173 works reviewed in this paper.

3.1 Exploration

Traditional methods of geological and geophysical modeling involve generating com-
puterized representations of sub-surface observations obtained from various geologi-
cal and geophysical surveys for evaluating the structural and stratigraphic description
along with estimation of reservoir rock and fluid characteristics. These tasks typically
consist of reservoir-scale seismic surveying, well logging, and lab core analysis.
Mahdi Rastegarnia et al. [11] utilized Al systems to extract electrofacies volumes and
3D Flow Zone Index (FZI) from large volume of 3D seismic data. Multi Resolution
Graph based Clustering (MRGC) was employed to optimize the electrofacies volumes
and multi attribute analysis was employed to create 3D FZI model. The electrofacies
models are further improved using the Probabilistic Neural Network (PNN), and 3D
FZI model was improved using Radial Basis Function (RBF) Network, Multilayer
Feed Forward Network (MLFFN) and PNN. Modern pattern recognition techniques
based on deep learning have started to dive into this seismic-related operation, accel-
erating the interpretation by a factor of 10-1000 [12]. Ke-ran Qian et al. [13] pro-
posed SVM-based algorithm in combination with multi-scale and multi-resource in-
formation from geology, seismic, drilling and logging for sweet spot prediction along
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Fig. 4. a) ML methods employed in upstream studies. b) Studies used ML in upstream by sec-
tor.

and characterization of shale reservoirs with high accuracy. There is a low probability
that the Al techniques will optimize the physical part (i.e., amount, cost, and place-
ment layout of sensors) of the first seismic surveying at an asset. Still, they add value
in the optimization of the secondary surveys at the same asset. The mathematics of
recommender systems and interpolation capabilities of machine learning algorithms
will enable proper recommendations on making the secondary surveys cheaper with a
minor loss in the value of acquired information [14]. The petrophysical interpretation
is a rather time-consuming process, and the result of the interpretation depends
strongly on the interpreter. Al-aided technologies are the obvious way to accelerate
and, maybe even more critical, to exclude the subjective part of the interpretation
process. Wood DA [15] predicted the porosity, permeability and water saturation
using optimized nearest-neighbor associated with data mining techniques. Meshalkin
Y et al. [16] developed Robotized petrophysics workflow using machine learning and
thermal profiling for automated mapping of lithotypes in unconventional. A numerical
simulation model coupled with ANN and SVM classifier was developed by Kyung
Jae Lee [17] to determine and classify the kerogen characteristics. Baraboshkin EE, et
al. [18] used the deep learning to generate an automated well logs interpretation pro-
cess for estimation rock types.

3.2  Reservoir engineering

Once the initial geological model is built, it goes to reservoir engineers. They perform
upscaling and build a reservoir model from the geological model using reservoir
modeling software[19, 20]. This model can estimate reservoir flows at various field
development schemes which contains the plan for well drilling and well operation.
The result of each of the reservoir modeling runs is a forecast of oil/gas production for
forthcoming years for a particular field development scheme. Performing many runs,
the reservoir engineers select the optimal field development scheme and field devel-
opment plan for both green-fields and brown-fields.
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Deep neural networks technique is used for acceleration of reservoir modeling. Mod-
ern surrogate reservoir models with a new computation engine based on deep neural
networks has been used in [21]; this technique can compress the mathematical prob-
lem dimensionality and approximate the time derivatives promise 100—1000 times the
conventional models’ speedup while keeping similar functionality. Simonov et al [22]
used different machine learning techniques to speed up the 3D modeling for the well
in development. The upscaling process has also benefited from the machine learning
algorithms to increase objectiveness and speed of the process by using deep learning
algorithm trained on multiple cases of manual upscaling[23-25].

3.3  Drilling engineering

Drilling a well is a challenging task as it involves no or minimal prior information of
the sub-surface characteristics and the complexity increases with increasing depth or
deviation of the well from its vertical path. Moreover, occurrence of drilling problems
such as lost circulation, pipe sticking, shale sloughing, dogleg severity and others add
up to make the job highly crucial. Most of well drilling cost is not product cost de-
pendent, but time dependent [26]. Therefore, one of the main goals of drilling optimi-
zation is to reduce the total time, maintaining the risks as low as possible. One way to
achieve it is through selecting of optimum drilling variables prior a run (e.g. selecting
a suitable drill-bit and drilling fluid type). Another approach relies on real-time analy-
sis in order to optimize operational parameters (e.g. bit weight, rotary speed) while
drilling [27]. Farough Agin et al. [28] conducted research for estimation of lost circu-
lation during drilling operations with the application of Adaptive Neuro-Fuzzy Infer-
ence System (ANFIS). The model was trained, tested and checked to predict lost cir-
culation volume. Ekaterina Gurina et al. [29] have demonstrated ML algorithm to
detect accidental events in directional wells by comparing the real — time MWD data
with the past data. The proposed model performs anomaly detection by analyzing the
similarity of events using time- series comparison and gradient boosting classifica-
tion. Optimization of the pre-specified key performance indicators including ROP
(ft/hr) and mechanical specific energy (psi) was carried out in the research [30] using
coupled end-to-end model for drilling optimization by taking into account all the pa-
rameters of interest including Weight on Bit (WOB), rotary speed, flow rate and rock
strength. The researchers utilized the Random Forest (RF) algorithm for developing
models for each individual parameter under consideration that were coupled using
ML algorithm.

3.4  Production engineering

Producing reservoirs are attractive for Al-aided tools as well as the green fields. There
are obvious machine learning applications for various pumps to implement predictive
maintenance and select the optimal operation regimes concerning operational costs vs.
production. Many of the pumps, including electric submersible pumps, pumps for
injection wells, hydraulic fracturing, and other well treatment pumps, are equipped
with a high number of sensors measuring pressures, temperatures, vibrations, flow
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rates, etc. There are many examples when an entirely data-driven or a hybrid model
containing physics-driven and data-driven math helps optimize the regimes, prevent
unexpected failures, and save on maintenance-on-schedule[31, 32]. Li et al. [33] used
a Neural Decision Tree (NDT) model for prediction of oil production by considering
interconnectedness among the input variables. N. Chithra Chakra et al. [34] applied
Higher Order Neural Network (HONN) to predict cumulative oil production (m3)
from a conventional oil field with limited training data. It was found to be a satisfac-
tory tool to forecast the cumulative oil production for short — term as well as long-
term planning. Using electrical and frequency data as input features, Guo et al. in
[32], developed an SVR workflow to forecast failures in Electrical Submersible Pump
(ESP). Gupta et al., 2016, deployed a hybrid mathematical method consisting of an
intelligent predictive monitoring KPI that automatically identifies imminent glitches,
diagnose root causes, and prescribe corrective actions to abnormal ESP operational
situations in real time raising alarms through predictive, diagnostic, and prescriptive
analytics. There is an excellent opportunity to reduce the investment risks by accu-
mulating the data from already produced well treatment jobs. Pioneering efforts on
predicting the efficiency of hydraulic fracturing jobs in [35] and ML-based analysis of
injectivity issues have already been made in [36].

4 Challenges and perspectives

The success of artificial intelligence critically depends on human intelligence. Al
solutions have to be customized to the business context and database of a company.
Thus, to actively use Al in processes and products, companies must grow in-house
teams composed of data and Al specialists. These teams should be able to support
development of Al infrastructure (algorithms and datasets) and, at least to customize
tools that companies will later utilize in their operations. That means that oil and gas
companies will become (partially) data-driven companies and, that Al specialists will
become irreplaceable in supporting almost all innovation efforts in oil and gas com-
panies in the next 10 years. Al tools need the good quality data of a suitable volume
to be trained and then to work properly in the operational mode. While using smarter
algorithms may help in getting better results from datasets of limited size, no manipu-
lation can help with bad data. Thus, access to big and quality data is a crucial enabler
and barrier for Al ap-plications' successful development. Artificial intelligence is born
in open and collaborative environment as a consequence of academia being a leading
force in Al research for decades, almost without any business influences. This created
culture of free sharing and open publishing which companies across industries (and
across the globe) had to embrace as a standard to succeed in the era of Al once they
joined the race. oil and gas companies should re-think strategies for collaborating and
interacting with universities.
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5 Conclusion

The aim of this paper is to present a review concerning the myriad of different appli-
cations and benefits of Artificial Intelligence and Machine Learning techniques in the
upstream sector of oil and gas industry which cover disciplines of exploration, reser-
voir, drilling and production. The paper compiles the major workflows and achieve-
ments of the industry on a higher-level overview with a focus on its leverage over
other traditional modelling techniques. The literature review of oil and gas industry is
well-poised to take benefits of machine learning regarding their abilities of processing
big data and fast computational speed. Machine learning has the potential of unequiv-
ocally changing the numerous critical actions made every day by administrators and
engineers in the oil and gas sector. The future advantages of information can be
achieved if appropriate techniques are used to implement different data types or struc-
tures and convert it into useful information that contributes to intelligent judgements.
Al and machine learning will change the face of oil and gas industry and lead to speed
up and de-risk many business processes associated to this critical and crucial industry.

References

1. Brynjolfsson E, Mitchell, T: What can machine learning do?. Workforce implications.
Science ;358(6370):1530—4 80 (2017).

2. lansiti M, Lakhani KR. Competing in the age of AIl. Harv Bus Rev (2020). [Online].
Available : . Available from: https://hbr.org/2020/01/competing-in-the-age-of-ai

3. R. Kohli and S. Johnson: Digital transformation in latecomer, 10( 4), 141-156,
(2011).

4. Kane GC, Palmer D, Phillips AN, Kiron D, Buckley N: Strategy, not technology,
drives digital transformation. MIT Sloan Manag Rev (2015).

5. Li H, Yu H, Cao N, Tian H, Cheng S. Applications of artificial intelligence in oil and
gas development. Arch Comput Methods Eng (2020).

6. BCG Homepage : Going digital is hard for oil and gas companies—but the payoff'is

worth it,  https://www.bcg.com/ru-ru/publications/2019/digital-value-oil-gas.aspx
Last Accessed 24/08/2021.

7. BCG Homepage: Big oil, big data, big value,
https://www.bcg.com/publications/2019/big-oil-data-value.aspx. = Last  accessed
24/08/2021.

8. Lu H, Guo L, Azimi M, Huang K: Oil and gas 4.0 era: a systematic review and
outlook. Comput Ind 111(6) pp:68-90, (2019).

9. Shafiee M, Animah 1, Alkali B, Baglee D: Decision support methods and applications
in the upstream oil and gas sector. J Pet Sci Eng 173 pp:1173—-1186 (2019).

10. Strantzali E, Aravossis K. Decision making in renewable energy investments: a
review. Renew Sustain Energy Rev ;55 pp:885-898 (2016).

11. M. Rastegarnia, A. Sanati, and D. Javani, : A comparative study of 3D FZI and

electrofacies modeling using seismic attribute analysis and neural network

409



10

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

technique: A case study of Cheshmeh-Khosh Oil field in Iran,” Petroleum, 2(3), pp:
225-235, (2016).

Cunha A, Pochet A, Lopes H, Gattass M : Seismic fault detection in real data using
transfer learning from a convolutional neural network pre-trained with synthetic
seismic data. Comput Geosci: 104344 (2019).

K. R. Qian, Z. L. He, X. W. Liu, and Y. Q. Chen : Intelligent prediction and integral
analysis of shale oil and gas sweet spots,” Petroleum Science, 15(4), pp: 744-755,
(2018).

Portugal I, Alencar P, Cowan D : The use of machine learning algorithms in
recommender systems: a systematic review. Expert Syst Appl 97 pp:205-227 (2018).
Wood DA : Predicting porosity, permeability and water saturation applying an
optimized nearest-neighbour, machine-learning and data-mining network of well-log
data. J Pet Sci Eng (2019).

Meshalkin Y, Koroteev D, Popov E, Chekhonin E, Popov Y : Robotized petrophysics:
machine learning and thermal profiling for automated mapping of lithotypes in
unconventionals. J Pet Sci Eng (2018).

K. J. Lee : Characterization of kerogen content and activation energy of
decomposition using machine learning technologies in combination with numerical
simulations of formation heating,” Journal of Petroleum Science and Engineering,
vol. 188, (2020).

Baraboshkin EE, et al. Deep convolutions for in-depth automated rock typing.
Comput Geosci (2019) doi:10.1016/j.cageo.2019.104330.

Gasda SE, Celia MA : Upscaling relative permeabilities in a structured porous
medium. Adv Water Resour ;28(5) pp:493-506 (2005).

Fanchi JR, Christiansen RL. Introduction to petroleum engineering. Wiley
Publishing; (2016).

Temirchev P, et al : Deep neural networks predicting oil movement in a development
unit. J Pet Sci Eng (2020).

M. Simonov et al., “Application of machine learning technologies for rapid 3D
modelling of inflow to the well in the development system,” doi: 10.2118/191593-
18rptc-ru. (2018).

Barker JW, Thibeau S. A critical review of the use of pseudorelative permeabilities
for upscaling. SPE Reserv Eng 12(2) pp:138-143 (1997).

Farmer CL. Upscaling: a review. Int J Numer Methods Fluids ;40(1-2) pp:63-78
(2002).

Pickup GE, Stephen KD, Ma J, Zhang P, Clark JD. Multi-stage upscaling: selection
of suitable methods. In: Upscaling multiphase flow in porous media: from pore to
core and beyond. Netherlands: Springer; p: 191-216 (2005).

Lyons, W.C., Plisga, G.J.: Standard Handbook of Petroleum and Natural Gas
Engineering, second ed. Gulf Professional Publishing, (2004).

Payette, G.S., Spivey, B.J., Wang, L., Bailey, J.R., Sanderson, D., Kong, R., Pawson,
M., Eddy, A.,. Real-time well-site based surveillance and optimization platform for
drilling: technology, basic workflows and field results. In: SPE/IADC Drilling
Conference and Exhibition. Society of Petroleum Engineers, Hague, The Netherlands
(2017).

410



28.

29.

30.

31.

32.

33.

34.

35.

36.

11

F. Agin, R. Khosravanian, M. Karimifard, and A. Jahanshahi, Application of
adaptive neuro-fuzzy inference system and data mining approach to predict lost
circulation using DOE technique (case study: Maroon oilfield). Southwest Petroleum
University, (2019).

E. Gurina et al., “Application of machine learning to accidents detection at
directional drilling,” Journal of Petroleum Science and Engineering, vol. 184,
September, (2020).

C. Hegde, M. Pyrcz, H. Millwater, H. Daigle, and K. Gray, “Fully coupled end-to-
end drilling optimization model using machine learning,” Journal of Petroleum
Science and Engineering, vol. 186, (2020). doi: 10.1016/j.petrol.2019.106681.

J. Sneed, “Predicting ESP lifespan with machine learning,” 2017, doi:
10.15530/urtec-2017-2669988.

D. Guo, C. S. Raghavendra, K. T. Yao, M. Harding, A. Anvar, and A. Patel, “Data
driven approach to failure prediction for electrical submersible pump systems,”
2015, doi: 10.2118/174062-ms.

X Li, C. W. Chan, and H. H. Nguyen, “Application of the Neural Decision Tree
approach for prediction of petroleum production,” Journal of Petroleum Science and
Engineering, vol. 104, pp. 11-16, 2013, doi: 10.1016/j.petrol.2013.03.018.

N. Chithra Chakra, K. Y. Song, M. M. Gupta, and D. N. Saraf, “An innovative neural
forecast of cumulative oil production from a petroleum reservoir employing higher-
order neural networks (HONNs),” Journal of Petroleum Science and Engineering,
vol. 106, pp. 1833, 2013, doi: 10.1016/j.petrol.2013.03.004.

Makhotin I, Koroteev D, Burnaev E. Gradient boosting to boost the efficiency of
hydraulic fracturing. J Pet Explor Prod Technol 2019. doi:10.1007/s13202-019-
0636-7.

Orlov D, Koroteev D. Advanced analytics of self-colmatation in terrigenous oil
reservoirs. J Pet Sci Eng 2019. doi:10.1016/j.petrol.2019.106306.

411



	Human-Machine Interaction based on Eye Command: Algorithm to detect the movement of the eyes and recognize the command, Benkerzaz Saliha
	Theoretical Model of Traffic Signal Timing Optimisation Improved On ant colony Optimisation and Symbiotic Organism Search, Kouidri Chaima [et al.]
	Machine Learning Based Indoor Localization using WiFi and Smartphone in a Shopping Malls, Kamel Maaloul
	Offline Arabic Handwriting Recognition Using a Deep Neural Approach, Benbakreti Samir [et al.]
	Applying Artificial intelligence techniques for predicting amount of CO2 emissions from calcined cement raw materials, Yakoub Boukhari
	Local Directional Strength Pattern for effective Offline Handwritten Signature Verification, Arab Naouel [et al.]
	Ball bearing monitoring using decision-tree and adaptative nero-fuzzy inference system, Euldji Riadh [et al.]
	Artificial intelligent in upstream oil and gas industry: a review of applications, challenges and perspectives, Kenioua Abdelhamid [et al.]
	A Comparative Study Of Road Traffic Forecasting Models, Redouane Benabdallah Benarmas
	Road Segments Traffic Dependencies Study Using Cross-Correlation, Redouane Benabdallah Benarmas
	On the use of the convolutional autoencoder for Arabic writer identification using handwritten text fragments, Briber Amina [et al.]
	Automation of the reading and interpretation of the ODTR plot, Mazouzi Amine
	Security issues in self-organized ad-hoc networks (MANET, VANET, and FANET): A survey, Goumiri Sihem [et al.]
	A Comprehensive Study of Multicast Routing Protocols in the Internet of Things, Lakhlef Issam [et al.]
	Auto-Scaling,Efficient and Cost Effective Architecture in Apache Hadoop, Nemouchi Warda [et al.]
	Comparing NoSQL Databases with YCSB Standard Benchmark, Ben Seghier Nadia [et al.]
	GA-based approaches for Optimization energy and coverage in wireless sensor network: State of the art, Benhaya Khalil [et al.]
	A Smart Home Management based on M2M/IoT Technologies, Djehaiche Rania [et al.]
	The Internet of Things Security Challenges: Survey, Inès Beggar [et al.]
	Hybrid Approach to WebRTC Videoconferencing on Mobile Devices, Diallo Bakary [et al.]
	Modeling and Simulation of Urban Mobility in a Smart City, Saheb Faiza
	OAIDS: An Ontology-Based Framework for Building an Intelligent Urban Road Traffic Automatic Incident Detection System, Hireche Samia [et al.]
	A Study of Wireless Sensor Networks Based Adaptive Traffic Lights Control, Benzid Sofiane [et al.]
	Forwarding Strategies in NDN-based IoT Networks: A Comprehensive Study, Adel Djama [et al.]
	Dilated Convolutions based 3D U-net for Multi-Modal Brain Image Segmentation., Kemassi Ouissam [et al.]
	Interpretation of breast tumors classification using convolutional neural network visualization, Nedjar Imane [et al.]
	Image restoration using proximal-splitting methods, Diffellah Nacira [et al.]
	New Method for Image Encryption Using GOST and Chaotic Tent Map, Yahi Amina [et al.]
	Segmentation of the Breast Masses in Mammograms Using Active Contour for Medical Practice: AR based surgery, Guerroudji Mohamed Amine [et al.]
	A hybrid LBP-HOG model and naive Bayes classifier for knee osteoarthritis detection: data from the osteoarthritis initiative, Messaoudene Khadidja [et al.]
	RONI-based Medical Image Watermarking using DWT and LSB Algorithm, Benyoucef Aicha [et al.]
	A CNN approach for the identification of dorsal veins of the hand, Bendouda Abdelkrim [et al.]
	Deep learning for seismic data semantic segmentation, Med Anouar Naoui [et al.]
	Feature Fusion for Kinship Verification based on Face Image Analysis, Nemmour Hnemmour [et al.]
	Image processing: Image compression using compressed sensing, discrete cosine transform and wavelet transform., Bekki Amane [et al.]
	An external archive guided NSGA-II algorithm for Multi-Depot Green Vehicle Routing Problem, Hemici Meriem [et al.]
	New Approach for Multi-Valued Mathematical Morphology Computation, L'haddad Samir [et al.]
	Data-Intensive Scientific Workflow Scheduling Based on Genetic Algorithm in Cloud Computing, Siham Kouidri [et al.]
	Using a Direct Multiple Shooting Method to an Optimal control problem, Louadj Kahina [et al.]
	Intelligent Visual Robot Navigator via Type-2 Takagi-Sugeno Fuzzy Logic Controller and Horn-Schunck Estimator, Mohamed Nadour [et al.]
	Multi-Robot Visual Navigation Structure based on Lukas-Kanade Algorithm, Abdelfattah Elasri [et al.]
	Trajectory Tracking of a Reconfigurable Multirotor Using Optimal Robust Sliding Mode Controller, Derrouaoui Saddam [et al.]
	Passive fault tolerant control of a new reconfigurable quadrotor, Salmi Abdenour [et al.]
	Real-time speed control of a mobile robot using PID controller., Mohandsaidi Sabrina [et al.]
	Penguins Search Optimization Algorithm (PeSOA) for chaotic synchronization system, Maamri Fouzia [et al.]
	Increasing the performance of mobile networks by planning and dimensioning, Ayad Mouloud [et al.]
	A NOVEL METHODOLOGY FOR GEOVISUALIZING EPIDEMIOLOGICAL DATA, Fatiha Guerroudji
	(Multi-agents Communities Based Routing Algorithm): A routing protocol proposition for UAVs network, Boutalbi Mohammed Chaker [et al.]
	Author Index

