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Abstract 

Natural resources are limited and very important in our industrial life and 

development. Oil is considered as the black gold and it is included in hundreds 

of industrial fields. Therefore, forecasting future oil production performance is an 

important aspect for oil industry. In this study, we proposed improvements to 

the existing deep learning model in order to overcome limitations associated with 

the original model. For evaluation purpose, proposed and original deep learning 

models were applied on a real case oil production data. The empirical results 

show that the proposed adjustments to the existing deep learning model achieves 

better forecasting accuracy.
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AHHOTalIMa 

Tlpupogupie pecypcb! OrpaHWeHbI M OUCH BaKHbI B Hallleli MpPOMbILLIIeHHOM 2Ku3- 

Hu vw pasBuTuu. Hedbrp cunTaeTca YepHbIM 3OJIOTOM Hi MCHOJIb3yeTCA B COTHAX IIpo- 

MbILIJICHHBIX OOnacTax. IlosromMy MporHosHpoBaHue OyAyuIMx NoKa3aTeeli N0- 

6EIa HeTv ABJIMeTCH BAXKHbIM ACIEKTOM Jd He*TAHOM MpOMbIUVIeHHOCTH. B 

9TOM HCCC MOBAHUM MBI MpesJIOrKHJIM yCOBepINeHCTBOBAHUA CylecTBytollel Mojle- 

nu rary6oKkoro o6y¥eHua, YTOOb! MpeodONeTh OrpakvieHUA, CBASAHHBIC C MCXOTHOH 

Mogembio. Jia wenel OleHKM MpeAOrKeHHbIe U OPHUHAJIbHbIe MOE riry6oKoro 

o6yueHuA OblIM IIPHMeHeHbI Ha PeasIbHbIX DAaHHbIX RoObrau HedbTu. OmMnupuye- 

CKWe Pe3yIbTATEI MOKaSbIBalOT, YTO MpellaraeMble KOPpeKTUPOBKM CyMleCTBYIO- 

wet Mogenu ray6oKoro o6y4eHua OGecHeuMBaloT JIYUINy10 TOYHOCTh MporHosupo- 

BaHYV4w.
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1. Introduction 

1.1 Motivation 

Since ancient times, energy has been the most important factor determining hu- 

man life and the development of civilization. The history of energy from the 

centuries when a man took possession of fire, the energy of rivers, wind, and to 

this day reflects a constant search, great discoveries, accumulation and transfer 

of knowledge from generation to generation, the most important achievements in 

the field of knowledge of the laws of nature. 

Until the XIX century, the main energy resource on the planet was wood. At 

the turn of the XIX — XX centuries. internal combustion engines were invented. 

Their introduction into practice led to the rapid development of the oil industry. 

Oil and natural gases have been known to mankind since ancient times. Scien- 

tists have found that more than 500 thousand years ago, oil was already discovered 

on the shores of the Caspian Sea, and 6 thousand years BC there was an exit to 

the surface of the natural gas in the Caucasus and Central Asia. 

Archaeological excavations have shown that on the banks of the Euphrates, 

oil was extracted 6-4 thousand years BC. It has been used for various purposes, 

including medicine. The ancient Egyptians used asphalt for embalming. They 

mined it, according to the ancient Greek historian and geographer Strabo (63 BC), 

mainly off the coast of the Dead Sea. Oil bitumen was used for the preparation of 

mortars and as a lubricant. Oil was an integral part of the incendiary, which went 

down in history under the name "Greek fire". Among the peoples inhabiting the 

southern shores of the Caspian Sea, oil has long been used to illuminate homes. 

This is evidenced by the ancient Roman historian Plutarch, who described the 

campaigns of Alexander the Great. 

Until the middle of the XIX century oil was produced in small quantities, 

10



mainly from shallow wells near its natural outlets to the surface of the earth. 

Since the second half of the XIX century demand for oil began to increase due 

to the widespread use of steam engines and the development of industry, which 

required large quantities of light sources. The introduction of well drilling in the 

late 60s of the XIX century is considered the beginning of the emergence of the 

oil and gas industry. 

Now oil and natural gas are the basis of the global fuel and energy balance. 

Petroleum products and natural gases are widely used in all sectors of industry, 

agriculture, transport and in everyday life. It is difficult to list all the areas of 

application of oil and natural gas, so their role in the life of modern society is 

multifaceted. For a long time, mankind has considered gold as an enduring value. 

All material goods of special significance are compared with it. For example, 

cotton called "white gold", oil called "black gold", and natural gas called "blue 

gold". But life itself shows that oil and natural gases in the modern world mean 

much more than gold of the highest standard. 

At school: rulers, crayons, ink and cartridges, glue, coverings on books, 

binders... 

For your health: | coatings for pills, binding agent for creams, disposable sy- 

ringes... 

In the home: contact lenses, cosmetics, clothing, fabrics, nail polish, de- 

odorants, shampoo, paint, upholstery and carpets, deter- 

gents for washing up and laundry, dry-cleaning fluid... 

Out shopping: shopping bags, credit cards, egg cartons, plastic milk bot- 

tles... 

| While cooking: non-stick pans, cling film, storage containers... 

For building: roofing tiles, pipes, insulating material, paint... 

petrol and diesel for cars and lorries, emergency services and 

trains, asphalt road surfaces... 

In the office: computer hardware, phones and faxes, diskettes, pens, 

chairs, printing ink... 

CDs, videos, cassette tapes, camera film, artists’ paint, bi- 

cycle handlebar grips, tyres, crash helmets, football boots, 

trainers, shin pads, windsurfers, roller blades... 

Garden: fertilizers, pesticides, garden furniture... 

On the move: 

At your leisure: 

Table 1.1; Some examples of what we owe to oil, every day of our lives 

Similarly, oil and gas industry play extremely important role in the economy 

Kazakhstan. The budget of the state is largely dependent on extraction taxes and 
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revenues coming from the export of oil and gas. As can be seen from the table 

below, all together, in 2018 oil and gas companies in Kazakhstan paid 87% of all 

taxes from the country’s top 30 taxplayers [1]. 

Paid Taxes, Share in total tax revenue, 

Sectors Billion Tenge % 

Oil & Gas Production 4195.8 87.0% 

Metallurgy industry 211.3 4.4% 

Tobacco manufacturing 159.4 3.3% 

Transportation 72.5 1.5% 

Financial sector 51.9 1.1% 

Communication 40.2 0.8% 

Mining industry 31.6 0.7% 

Construction 30.6 0.6% 

Oil refining 30.1 0.6% 

TOTAL 4823.7 100% 

Table 1.2: Tax revenues to the consolidated budget of the Republic of Kazakhstan 

by industry in 2017 

All these dependencies on oil and its finite nature, pose complex problem of 

future oil production patterns. Historical and most common approach in solving 

this problem is Decline curve analysis (DCA). By identifying decline curves, DCA 

extrapolates past production in order to estimate expected production. Extrap- 

olation of production history has been considered the most accurate method to 

estimate remaining reserves. The basic assumption in this method is that what- 

ever causes controlled the trend of a curve in the past will continue to govern its 

trend in the future in a uniform manner. Therefore, if the conditions affecting 

the rate of production are changed, the curve will not be regular and will not 

exhibit exponential behavior during depletion. Similarly, in absence of stabilized 

production trends the technique cannot be expected to give reliable results. 
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1.2 Aims and Objectives 

The aim of present research study is: 

Analyzing and comparing different methods of regression models to fit historical 

oil production data for further forecasting into the future. 

In order to achieve the aim: 

e Real case data-set from oil field located in western part of Kazakhstan is 

analyzed. 

Existing reported models on Time Series Forecasting are investigated for 

advantages and limitations. 

e Widely used technique Decline Curve Analysis (DCA) is explained and set 

as reference method. 

Proposed model is explained and applied on our data-set using the Keras, 

Python Deep Learning library. 

1.3 Thesis Outline 

The first chapter is Introduction chapter. It is this one that you are currently 

reading. It gives insight into the problem statement. In Chapter 2, dataset 

considered in this work is explained. In Chapter 3 we review related work, and 

in Chapter 4 we formulate application of one of the existing methods to solve 

the problem. Chapter 5 outlines another widely known mathematical method 

Decline Curve Analysis and Chapter 6 describe proposed model DCA-DLSTM. 

In Conclusion chapter we provide our conclusion. 
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2. Dataset Description 

The Dataset gives details about the crude oil production from the oil field located 

in the western part of Kazakhstan from May 2013 to September 2019, with 2320 

points (these points represent the number of days). It is a univariate time series 

data which entails the average daily production of crude oil per each well. The 

oil production is measured in barrels per day. 

The trend in the oi] production in the mentioned time period is given below. 
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Figure 2.1: Timeseries data on oil production 
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Note that the curve contains some noise, defects and anomalies. It is also 

non-stationary and exhibits declining trend over production period. This implies 

that the statistical characteristics of the data, such as frequency, variance, and 

mean, undergo alternation over the time. 
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Figure 2.2: Rolling Mean & Standard Deviation of the data 

Since, oil companies and countries are interested in long-term oil production, 

data series were grouped into the monthly data frequency with average oil pro- 

duction within each month. This in turn will allow for more complex network 

architecture, while still keeping optimal running time for training the model.



2. Related Work 

Time series data is a sequentially measured data at some (often equal) time inter- 

vals. The most valuable information that can be extracted from TS is prediction 

of its future values. A forecast is always a probability, but at the same time it is a 

scientific judgment about the possible future states of trend or phenomenon; there 

is always a fraction of error and miss-match. In the best case, this error is random, 

sn the worst - systematic. In order to build a forecast, a mathematical model is 

needed that sets the rule for its calculation, and this model will be stochastic, 

since it will contains uncertainty in the form of an error. The main feature of 

forecasting time series in comparison with other tasks of machine learning is that 

the prediction of the target variable is usually based not on other features, but 

on the values of itself for the previous time period. Thus, for forecasting time 

series, almost exactly the same models are used as for any other prediction tasks, 

but with some modifications designed to take into account their coherence. It is 

ssful time series forecasting depends on an appropriate model 

obvious that a succe 

fitting. A lot of efforts have been done by researchers over many years for the 

development of efficient models to improve the forecasting accuracy. As a result, 

various important time series forecasting models have been evolved, which can be 

grouped into three major groups. 

First group involves Statistical Models such as: Moving Average, Exponential 

Smoothing, or derivative from these models [2]. An inherent advantage of these 

models is that a few model parameters are required for describing time series, 

therefore, less effort and timing. 

The second group of models inc 

Networks. Application of ANN does not require specification of the model form or 

assumption about the statistical distribution of the data. Instead, the 

any prior 

final model is generated adaptively based on the features presented the historical 

ludes using different types of Artificial Neural 
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section of the data. 

The last group’s models are based on the concept of using Support Vector 

Machines. Important characteristic of Support Vector Machines is the training 

process which is exactly the same as solving a linearly constrained quadratic 

programming problem. So, contrary to other neural networks’ training processes, 

solution’s obtained from Support Vector Machines are always unique and globally 

optimal. However a major drawback of Support Vector Machines is that when the 

training dataset size is too large, it will have an enormous amount of computation 

which leads to increased time complexity of the solution [3]. 

Below is the list of few studies that researches have conducted in the applica- 

tion of oil production forecasting: 

e Ayeni and Pilat [4] described application of ARIMA model for monthly 

time series oil production data. ARIMA is an extension of AutoregRessive 

Moving-Average Model for non-stationary time series data, which can be 

converted into the stationary by taking the difference of some order from 

the original time series. It is by far one of the most popular forecasting 

tool in many areas of finance and science. It uses linear combination of 

past observations and some random errors while forecasting future behavior 

of time series data. Authors applied this tool on historical oil production 

data coming from twelve wells. Different ARIMA model’s parameters were 

obtained for each well while fitting to the original data by minimizing resid- 

ual error. According to the authors "ARIMA models provided better results 

than decline curve analysis. Moreover, ARIMA obtained good results when 

decline curve analysis failed (e.g. for waterdrive reservoirs )". 

e Holdaway [5] presented application of exponential smoothing techniques to 

oil production forecasting in the Oilfield Production Forecasting toolkit de- 

veloped for Saudi ARAMCO National Oil Company. As in the case of 

regression-based techniques, smoothing shows good short-term accuracy but 

is only valid if the error terms are assumed to be random. 

e Alaa and Mostafa (6| proposed a deep learning model which can overcome 

the limitations of traditional forecasting approaches and show accurate pre- 

dictions. The proposed approach is a deep long-short term memory (DL- 

STM) architecture, as an extension of the traditional recurrent neural net- 
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work. Genetic algorithm is applied in order to optimally configure DLSTM’s 

optimum architecture. For evaluation purpose, two case studies from the 

petroleum industry domain are carried out using the production data of 

two actual oilfields. Toward a reasonable assessment, results of the pro- 

posed method is compared with several standard methods, either statistical 

or soft computing. Using different measurement criteria, the empirical re- 

sults show that the proposed DLSTM model outperforms other standard 

approaches. 

Aizenberg et al. [7] examined application of Multilayer Neural Network with 

Multi-Valued Neurons (MLMVN) to long-term monthly TS production data 

from a real oilfield example. As usual, predictive modeling was divided into 

regression and pattern classification. While regression models are based 

on the analysis of relationships between variables and trends in order to 

make predictions about continuous variables, the task of pattern classifica- 

tion is to assign discrete class labels to particular observations as outcomes 

of a prediction. The distinctive feature of the forecasting method, is that 

MLMVN-based prediction combines the features of the both approaches. 

While externally the neural network constructs a regression-like model of 

the time series, internally classification techniques are used. Both multivari- 

ate and univariate models were developed. The advantage of the proposed 

forecasting models as compared to conventional forecasting methods is that 

| variation rather than smooth curve projection.As the 

howed, both models can be used efficiently and achieve 

ly better in terms of the anticipated interval and 

Choosing embedding dimensions from mul- 

prediction allows loca. 

experimental results s 

results that are significant 

allow for long-term predictions. 

tivariate time series data, however, is a difficult and yet open problem that 

requires additional research effort. 

Frausto-Solis et al. [8] proposed a new method “SAM-oil” to forecast monthly 

oil production data. This work can be considered as an alternative or sup- 

plement to traditional techniques of petroleum engineering. In particular, 

SAM-oil can be considered as a method which supplements decline curve 

analysis, since the obtained models include an exponential decline curve 

as that obtained with traditional DCA. Accuracy of SAM-oll method was 
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determined in the sense of monthly oil production, since its good perfor- 

mance on forecasting time series with different levels of difficulty. Authors 

compared the accuracy of “SAM-oil” with ARIMA, neural networks, and 

some models from the exponential smoothing. They claim that “SAM-oil” 

is reliable method in oil production forecasting. 

Fargana and Yadigar [9] proposed a novel prediction model for the oil well 

production forecasting based on the hybridization of the CNN and LSTM 

models, which is called the CNN+LSTM model. The hybridization of these 

methods is improved forecasting capability of the above mentioned Deep 

Learning methods. It has been shown in the case studies that the CNN 

outperforms the LSTM accuracy, which indicated that the LSTM is eligi- 

ble to be applied in the nonlinear forecasting problems in the petroleum 

engineering. The impact of the batch size parameter and the regularized 

parameter is also tested in this study. The results show that the smaller 

batch size makes the CNN-+LSTM model be more accurate, and the larger 

batch size makes the CNN-+LSTM unsuitable. And the CNN+LSTM model 

produced smoother points with a smaller batch size, and it was represented 

to be more accurate in training with smaller batch size. 

Leonid et al. [10] compared traditional ANN forecasting to the Gamma 

Classifier (GC). The main conclusion was that the GC can be successfully 

applied to the task of time series prediction, though it is not the kind of 

tasks envisioned while designing and developing the GC model. 

Sheremetov et al. [1 1] analyzed several aspects of oil production forecasting 

with NARX networks: i) the applicability to the univariate and multivariate 

forecasting, ii) different topologies of the networks, and iii) the application 

of clustering techniques to improve forecasting results. The described case 

studies come from the naturally fractured reservoir with primary production 

and under gas injection for pressure maintenance. 

Chithra et al. [12] reported use of another type of ANN, higher-order neural 

networks (HONN), to forecast production of water, oil and gas. That type 

of neural networks has a good capacity to capture nonlinear relationships 

between inputs and weights of the network. Two case studies illustrate the 
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behavior of the proposed model with i) only one dynamic parameter data, oil 

production data, and ii) three dynamic parameter data, oil, gas and water 

production data used for forecasting. The authors report similar accuracy 

results but it should be noted that HONN was used as a one-step ahead 

predictor, which is impractical in most of the oil forecasting applications. 

In general, workflow of all above proposed models is similar in a way that, 

all of them use predict one-step ahead forecast, which is given input Xt at time 

t, the time series value at the next time step (t+1) is predicted, Yt. Finally, 

loss function, which is }) F(Yt-Yt), is optimized. In the next chapter, method 

proposed by Alaa and Mostafa will be reduplicated and applied on our dataset 

for further comparison of Deep learning method to other methods. 
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4. DLSTM Model 

This section, shows application of a deep long-short term memory (DLSTM) ar- 

chitecture proposed by Alaa and Mostafa, who shared the codes used in their 

experiment in github (https: / /github.com/DeepWolf90/DLSTM2). Their pro- 

posed model will be applied both on original dataset they used and our data for 

further comparison and discussion. 

Note: original data was collected from Cambay Basin oil field in India, with 

real production data through six years from 2004 to 2009, i.e. about 63 months 

4.1 Experimental Setting 

escription section, these time series data on oil pro- 
As it was shown in Data D 

fact, it exhibits a specific decline trend. 
duction is also non-stationary data, in 

Stationary data is easier to model and wil 

casts. In the current prepossessing step, 

data, whether it is increasing OF decreasing trend. Later, it will be added back 

to return the forecasting problem into the original scale and 

| very likely result in more skillful fore- 

we removed the trend property in the 

to forecasts in order 

calculate a comparable error Score. 

There are two standard ways to remove the trend; differencing (taking the 

difference Y; - Y:-1) and detrending (removing the trend). If the non-stationary 

m walk with or without a drift, it is transformed to stationary 

On the other hand, if the time series data analyzed 

purious results can be avoided by detrending 

process is a rando 

process by differencing. 

exhibits a deterministic trend, the s 

[13]. 

Note: In this work, author suggested to use differencing, however on the later 

sections both methods will be discussed and compared. 
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series = read_csv(’cumulative_oil.csv’) 

raw_values = series.values 

diff = (] 

for i in range(1, len(raw_values)): 

value = raw_values[i] - raw _values[i-1] 

diff .append (value) 

diff = Series (diff) 

Listing 4.1: Transform data to be stationary 

Then, the time series were divided into input (x) and output (y) using lag 

time of 12 months (1-year period). 

lag_time= 12 

dataset = diff.values 

dataset = np.insert (dataset, {O]*lag_time, 0) 

batches = [] 

for i in range(len(dataset) - lag_time): 

a = dataset fi: (itlag_time+i)] 

batches. append (a) 

dataset = np.array (batches) 

Listing 4.2: Convert an array of values into a dataset matrix 

Additionally, data is split into training (80%) / testing (20%) sets and trans- 

formed into the scale of the activation function used by the network, which is 

hyperbolic tangent (tanh) with output values between -1 and 1. Later, the scaled 

data transformed back in order to return the forecasting problem into the original 

scale. 

scaler = MinMaxScaler (feature_range=(-1, 
1)) 

scaler = scaler.fit (dataset) 

dataset_scaled = scaler. transform(dataset) 

d= scaler. transform(train) 
train _scale 

orm (test) 
test_scaled = scaler.transf 

Listing 4.3: Transform the scale of the data 

In the proposed method, three LSTM [14] blocks were stacked one after an- 

other in a deep recurrent network fashion to combine the advantage of a single 

LSTM layer, as shown in the Figure 4.1. 
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Figure 4.1: The architecture of DLSTM recurrent network 

model = Sequential () 

model .add(LSTM (32, batch_input_shape=(1, lag_time, 1), stateful=True, 

return_sequences = True)) 

model .add (Dropout (0.1)) 

model .add(LSTM(16, batch_input_shape=(1, lag time, 1), stateful=True, 

return_sequences = True)) 

model .add (Dropout (0.1) ) 

model .add (LST (64, batch_input_shape=(1, lag_time, 1), stateful=True) ) 

model .add (Dropout (0.1) ) 

model.add (Dense (1)) 

model. compile (loss=’mean_squared_error
’, optimizer=’ adam’) 

Listing 4.4: Deep Gated Recurrent Unit 

4.2 Experimental Results 

As can be seen on the Figure 4.2, predicted oil production values modelled by the 

proposed DLSTM method match quite well to original data both in train data set 

and test data set. Although, authors tried to evaluate performance of the model 

on unseen data (test dataset), it still uses test dataset with lag time gap while 

predicting next value. For fair evaluation, predictions should have been done on 

last data range (with lag time lenght) of train data, and further values for input 

should have been taken from newly predicted values. 
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Figure 4.2: Production data v.s. prediction using DLSTM (paper data) 

Authors of this work also compared the proposed DLSTM model with different 

reference models that vary from statistical methods, machine learning methods, 

and hybrid (statistical and machine learning) methods; ARIMA, RNN, DGRU, 

NEA, HONN. 

[Forecasting | RMSE RMSPE 

Model (root. mean square error) | (root mean square percentage error) 

ARIMA 0.027 3.773 

NEA 4.921 
DLSTM 0.025 3,496 

RNN 0.027 3 734 
DGRU 0.028 3.991 

| HONN 0.035 3.459 _| 

Table 4.1; Comparison of proposed to reference models 

Final comparison Table 4.1, shows that proposed DLSTM model outperformed 

its counterparts. 

Similarly, if the same model applied to the data-set considered in this work, 

very nice match can be achieved (Figure 4.3). This is, indeed, what should be 

expected as the proposed model use one-step ahead forecast (Figure 4.4). Esti- 

mation of model performance using this approach would be optimistic and might 

lead to biased decisions. In applied deep learning, whole data-set is usually split 

into a train and test sets: the training set used to prepare the model and the 

test set used to evaluate it. However, these method cannot be directly used with 

time series data, because assumption that there is no relationship between the 

observations is not valid anymore [15}. 
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Alternatively, in order to make fair evaluation, it is possible to split whole 

data-set into a train and test sets. Use train set to prepare the model and ask the 

model to make future predictions for test set period (Figure 4.5). The evaluation 

of these predictions will provide a good proxy for the model performance. 
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Figure 4.5: Suggested fair evaluation 
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| 
D. DCA Model 

| 
‘Decline curve analysis (DCA) is a empirical technique used for analyzing trends 

‘in the production data from the oil and gas wells in order to forecast future 

performance of the wells. Oil and gas production flow rates decline as a function 

| of time; due to the loss of reservoir pressure, and/or changing relative volumes of 

| the produced fluids. Fitting a line through the performance history and assuming 

| that similar trend will continue in future are the main concept and assumption 

in the DCA procedure. The technique is not derived from fundamental theory of 

rock mechanics but is based on empirical observation of production decline [16]. 

5.1 DCA History 

J.J. Arps was an American geologist who collected these ideas into a comprehen- 

sive set of equations defining the exponential, hyperbolic and harmonic declines. 

Later his work was further investigated and modified to include special cases by 

many other researches. Following section gives a 

done on the subject. 

e Arps 1945 and 1956. 

historical perspective of work 

e Brons 1963 and Fetkovitch 1983 applied constant pressure solution to dif- 

fusivity equ ation and demonstrated that exponential decline curve actually 

reflects single phase, incompressible fluid production from a closed reservoir. 

DCA is more than a empirical curve fit. 

e Fetkovitch 1980 and 1983 developed set of type curves to enhance applica- 

tion of DCA. 

» Doublet and Blasingame 1995 developed theoretical basis for combining 
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| transient and boundary dominated flow for the pressure transient solution 

to the diffusivity equation. 

DCA Today 

The major application of DCA in the industry today is still based on equations 

and curves described by Arps. Arps applied the equation of Hyperbola to define 

ree general equations to model production declines. 

| In order to locate a hyperbola in space one must know the following three 

vapiables 

| 1. The starting point on Y axis, qi, initial rate. 

9. Initial decline rate, D; 

| 3. The degree of curvature of the line, b. 

| Arps did not provide physical reasons for the three types of decline. He only 

indicated that exponential decline (b=0) is most common and that the coefficient 

| 
b generally ranges from 0) to 0.5. 

_ Gi 

e~1+bxdx ty (5.1) 

Arp’s Equation 5.1 for General Decline in a Well. 

Definition of b 

Variable ‘b’ has no units and is generally defined as hyperbolic constant. Usu- 

| ally, ‘b’ range between 0 to 1 in the context of DCA for oil and gas wells. From 

' Bquation 5.1 it is clear that a high value of b (close to 1) has a dominant impact 

on curve form q vs. t when t is high, which causes and preserves the form of the 

curve to be essentially flat throughout this period. The short-term shape for the 

curve is not largely affected by the value of b for a given set of values for q and 

b, but the long-term shape is. This means that in short term all decline curves; 

exponential, hyperbolic and harmonic will generate very close results. Due to 

this reason, it is extremely difficult to determine the value of b at early stages of 

production. The situation is further impaired if the data quality is noisy (which 

;s often the case), making it possible to fit the same dataset with a wide range 
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of b values. Since the value of b has a large impact in the late period, this will 

lead to different estimates of ultimate recovery. Reliability in estimating b rise 

with longer production period. There is a large number of physical events and 

processes integrated into the b value, which were analyzed and described in many 

papers. 

5.3 Application of DCA 

As it was described above, general Decline Curve Analysis (DCA) will be set up 

fitting the historical oil production data and forecasting future values. 

Notice that, in case of hyperbolic decline constant (b) approaching zero, ac- 

cording to Taylor series, Equation 5.1 can be rewritten as: 

i 

at = Dx 
(5.2) 

Equation 5.2 is known as Exponential decline, which is a special case of general 

DCA. 

def forecast (time, 

qi = args [0]; 

if b > ie-6: 

q = qi / (+ Di * b* 

else: 

q = 

q = np.array(q; 

args): 

pi = args([1]; b= args [2] 

time) ** (1 / b) 

qi / np.exp(Di * time) 

atype=’ float’) 

return q 

Listing 5.1: Fit function applied to the time array 

For the optimization purposes, optimize.least_ squares package from SciPy 

library is used, which is the most commonly used optimization algorithms. Given 

the residuals f(x) (an m-dimension 

function rho (a scalar function), least_ squares 

function F(x). 

loss functions are avai 

al real function of n real variables) and the loss 

finds a local minimum of the cost 

Five lable within the package: 

e ‘linear’ rho(z) = 2: Gives a standard least-squares problem. 

(2) = 2: (1 + z)°>-1). The smooth approximation of absolute 

e ‘soft _]1’ rho 

loss. 
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e ‘huber’ rho(z) = z if z <= 1 else 2-295 - 1. Works similarly to ‘soft 11’, 

e ‘cauchy’ rho(z) = In(1 + z). Severely weakens outliers influence. 

ip 2 oe sass * : a e ‘arctan’ rho(z) = arctan(z). Limits a maximum loss on a single residual. 

Four of these loss functions (linear, huber, cauchy, arctan) will be applied to 
the dataset and compared results. 

Also, boundaries must be set on our parameters, as per definition of Decline 
Curve Analysis initial nominal decline rate (d) cannot be negative and hyperbolic 
decline constant (b) must be within the range of [0; 1). Initial production rate 
(qi) also bounded to the reasonable range. 

Linear_dca = sc,optimize.least_squares ( 

fun=lambda parms, time, rate: rate - forecast (time, parms), 
bounds=([10, te-6, 0], [1000, 1te6, 1}), 

xO=np.asarray([100, .001, 1.]), 

args=(fit_time, fit_rate), 

loss=’linear’) 

Listing 5.2: Example of optimization using linear loss function 

! a D b 7 
Linear 105.64 23.81 0.82 

Huber 104.44 23.99 1.00 

Cauchy 101.54 22.4] 1.00 

Arctan 99.32 20.66 0.36 

Table 5.1: Fit Parameters 

As can be seen from the Figure 5.1, all models provided similar results except 

for arctan loss function. But still, all of them break down in fitting the last year 

historical production data, which is the most crucial in forecasting future values. 

This is due to changing conditions affecting the rate of production. Plots colored 

by point-by-point costs illustrate the sections fitted most by each model. 

5.4 Limitations of DCA 

The basic assumption in decline curve analysis is that whatever controls the trend 

of a production curve 1n the past will continue to govern its future trend in a similar 
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manner. Therefore, if the conditions affecting the rate of produc- 
and uniform 

curve will not be regular and will not exhibit exponential 
tion are changed, the 

behavior during depletion. Similarly, if there is no stabilized production period, 

extrapolated trend from this technique cannot give reliable results. 
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6. DCA-DLSTM Model 

Let’s compare results from DLSTM and DCA seperatly. In order to make fair 
comparison on models evaluation, both models were trained on train dataset. 
However, future predictions using DLSTM model were performed using last lag 

time values of train set and already predicted values, while DCA model were just 

extented into the same future period length, which is as long as train dataset 

lenght. 
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Figure 6.1: DLSTM v.s. DCA model's results 

As can be seen from the Figure 6.1, DLSTM model matched historical produc- 

tion data much better than DCA. However, future predictions from DLSM mode] 

does not represent general 

oil production wit 

drop in the reservolr. 

trend of conventional decline curve, which suggest that 

h time should decline over the time, mainly due to the pressure 

3]



6.1 The Proposed Model 

The main reason why DLSTM Model fails in following decline trend is the fact that 
during removing the trend of historical production curve difference of consecutive 
data was applied. This approach does not constrain the general curve to decline 
over the time. 

In the proposed DCA-DLSTM Model constrain to decline is achieved by taking 
the difference between production data and general exponential decline, and only 
then apply DLSTM model. Therefore, deviation of historical production data 
from overall decline is actually modelled (Figure 6.2). 

parm_init 

bounds=([10, te-6, 0], [1000, 

raw_time 

popt, pcov 

parm_init, 

yiit = forecast(raw_time, 

raw_values - yfit dataset 

= np.asarray({90, .015, .9)) 

1e6, 1]) 

np.linspace(i, len(raw_values), len(raw_values) ) 

sc.optimize.curve_fit(forecast, raw_time, raw _values, pos 

bounds=bounds) 

*popt) 

Listing 6.1: Transform data to be stationary using decline 

; 
—— ODifferencing 

—— Detrending 

3014 2015 2016 2017 2018 2019 2020 

Figure 6.2: Stationary Oil Production Data 
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After de-trending historical production data and repeating steps in discussed 

DLSTM Model above (skipping Listing 4.1), it is possible to achieve both good 
match on train and test data-sets. At the same time, future predictions from 

DCA-DLSM model follow general trend of conventional decline (Figure 6.3). 
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Figure 6.3: Proposed DCA-DLSTM model result 

6.2 Experimental Results 

To control the learning process and evaluation accuracy of the proposed method, 

the root mean square error (RMSE) was used. The RMSE is a frequently used 

measure of the differences between values (sample or population values) predicted 

by a model and the values observed [17]. It represents the square root of the second 

sample moment of the differences between predicted values and observed values 

or the quadratic mean of these differences (Equation 6.1). 

i . 
EimMse = n WC; ~— 9)? (6.1) 

i=l 

m Table 6.1, the results of the proposed DCA-DLSTM model out- 

performs ite counterparts. Thus, during prediction the RMSE value of the DCA- 

DLSTM model is obtained 0.53, but in the DLSTM model this value reached to 

365 and in the DCA model to 5.80. As seen from here, in the assessment. of 

As seen fro 
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| Forecasting Model | RMSE | 
DCA 5.80 

DLSTM 3.65 
DCA-DLSTM 1.29 

Table 6.1: Forecasting accuracy 

oil production forecasting, the effectiveness of the DCA-DLSTM model is better 
than other algorithms. 

To better illustrate the results of Table 6.1, the loss dynamics of DLSTM and 

DCA-DLSTM models are depicted in Figure 6.4. 

—— OLSTM Lass | 0.35 | 
—— DCA-DLSTM Loss 

0.30 | 

aeal 

0.20 

by number of epochs 

Figure 6.4: Loss dynamics 
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7. Conclusion 

onal techniques of oil production forecasting meth- 

In this work we discussed traditi 
nts conducted using recurrent neural 

ods (DCA), together with existing experime 

networks (LSTM). While DCA model can provide and predict general trend of 

the time series data, it fails in capturing any abnormalities and deviations. On 

the other hand, Recurrent Neural Network method - DLSTM can capture any de- 

trolling overall decline trend of time series data. Based 

viation but limited in con 

on the limitations of both methods above, we proposed combined model DCA- 

DLSTM, which includes detrending of monthly oil production data using decline 

d three LSTM layers that learns certain properties from 

esults show that the accurate prediction and learning 

its counterparts. Further enhance- 

curve analysis and stacke 

historical dataset. The r 

performance of proposed mode 

t of the M 
ments include developmen 

member to predict depends on the members of another TS. 

| outperformed 

ultivariate forecasting model, when a TS 
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A. Appendix A 

A.1 Complete Code of the Proposed Model 

# Import Libraries 

import numpy as up 

import pandas as pd 

from pandas import Series 

import scipy as sc 

import scipy.optimize 

import matplotlib.pyplot as plt 

4#matplotlib inline 

import matplotlib as mpl 

mpl.rcParams[’font.size’] = 14 

import warnings 

warnings. filterwarnings(’ignore’) 

sklearn.preprocessing import MinMaxScaler from 

sklearn.metrics import mean_squared_error from 

sklearn.metrics import mean_absolute_error 

keras.models import Sequential, load_model 

keras.layers import Dense, LSTM, Dropout 

from 

from 

from 

# Set Hyperparameters 

look_back= 12 

r= 0.8 

epochs=1000 

length = 1 

neurons=(32, 16, 64] 

dropout = 0.1 

# Load Data 

*} = d_csv(?path/*csv a 

it i) a to datetime (df.Date, format=*hd-hm-Ky’) Date = pd. to. 

= af. set_index(’Date’) | 

e ffi _ da Panga total’), resample (mM), maan () 
oa 6a = VE ws 
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raw_values = df_mean.values 

raw_time = np.linspace(1, 

# Define DCA 

parm_init = np.asarray([90, .015, .9]) 

bounds=([10, 1te-6, 0], (1000, 

def forecast(time, qi, D, »): 

if b > 1e-6: 

q 

else: 

q = 

return q 

popti, pcovl = sc.optimize.curv 

parm_init, bounds=bounds) 

yfiti = 

# Transfo rm Data to be Stationary U 

4e6, 1]) 

qi / (1 +D* b* time) ** (1 / b) 

qi / np.exp(D * time) 

forecast (raw_time , *xpopt1) 

dataseti = raw_values - yfiti 

dataseti = np. insert (dataset! [0] *look_back, 0) 

batchesi = [] 

for i in range (len(datasett) 
- look back): 

as dataseti (i: (itlook-back+1)] 

batches. append (a) 

dataseti = np. array (batches!) 

st Sets 

# Split into Train and Te 

traini_size = int 

testi_size = 

traini, 

# Transform the Sca 

= 
scalerl = 

scaleri = 

dataseti_scaled 

traini_scaled 

testi_scale 

# Recurrent 
Neura 

modeli = Sequential 

modeli.adda(
L 

return_sequ
enc® 

node11 .ada (Dropout ¢ 

testi = datasetil 

= scaleri.fit
(d 

= gscaleri.tr
a 

a = gcaleri.tra 

gTM (neurons 

3 « True)) 

(dataset1. shape [0 

= dataset1.sha
pe [0] 

o:train 

MinMaxScal
er (featu 

ataseti1) 

scaleri.t
ransform 

ns 

1 Network 

Q 

dropout)) 

]) * x) 

- traini_size 

je of the Data 

re_range=(-1, 
1)) 

nsform(dataset1
) 

(train1) 

form(test1) 

tol, patch_input_
shape=(1, 

e_fit (forecast, raw.time, 

len(raw_values), len(raw_values) ) 

sing DCA and Create Batches 

look_back, 

raw values, 

1_sizel, dataseti[traini_size:] 

1), 

po=



deli.add(LSTM(neurons [1], batch_input_shape=(1, look back, 1) 

return_sequences = True)) 

ilodel1 .add (Dropout (dropout) ) 

Hodelt . add (LSTH (neurons (2) batch_in 

model . add (Dropout (dropout)) 

hodel1 . add (Dense (1)) 

modeli. compile (loss= 

put.shape=(1, look_back, 1))) 

; 
wo 

mean_squared_error’, 
optimizer=’ adam’) 

a7 it Train Model 

bi 

= traini_scaledl:, 
O:-41], traini_scaledl:, 

-4] 

so /X_traint, y_trainl = 

sw |X_traini = np. expand_dims(X_traint, 
axis=2) 

o | X_test1, y-testi = testi_scaled[:, O:-1), % : 

Joo X_testt = np.expand_dims(X_test?, 
wiaen) sertaseaied iss <8 

403! historyl = modeli.fit(X_trainl, 
ytraini, 

yalidation_data=(X.testl, 
y.test1), 

epochs=epochs 
, 

patch_size=l, 

verbose=0, 

shuffle=False) 

1. # Plot Loss Function Progress 

»font.size’l = 14 

qze=(12, 7)) 

tory [?10ss’]) 

[?val_loss’]) 

+Validation Loss’], loc=’ best’) 

We mpl. rcParams [ 

ws fig = pit. figure (figs 

tm plt.plot (history! - bis 

ms pit. plot (history1 history 

ve plt.legend(
(?Train Loss’; 

a plt.xlabel (’Epochs’ fontsize = 20) 

ut plt.ylabel(
’Loss’: fontsize = 20) 

ae pit.sho
w 

i: 6 «Forecast 

= list 

ge(len(tr 
Wis traini_match 

1; for i in ran 
aini_scaled)):

 

i xX, y = graini_sca
led[i, o:-11, 

, X = x. reshape 
(1, jook_back,

 1) 

= nodeli. predict (X; patch_siz
e=1) [0, 0] 

_ yhat = 

X = x. reshape (rook.back)
 

= [x for * in X} + 

traini_scaled[i, 
-i] 

a new_row 
{yhat] 

(1, look back+1) 

array reshape 

transform(
array) [0, -1] 

erse_ 

_ yhat = yhat + y 

seeani nated append (yhat) 

hi yengeneteai
al=s328 

. 

timet-BeA = np. d4nspace (ts praint-s4zetR
h traini-sizeta

l} 
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ta 
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13: 

t ‘ 

149 predictionsi = raw_values[:train 

“Vane BCL date = A dave range Ai mea Ander @) , yariads=traini sizetat 

aT 
| 

i 
freq=’M’) 

yfit2 = forecast (timei_DCA, *xpopti) 

4_size] [-look.back -1:] 

for i in range (ni): 

diffi_ = listQ 

for j in range (0, 

value_ = predictionsi[-1oo 

-1+it+j] 

diffi... append (value) 

look_back+1): 

K_back-i+j] - yfit2(traini_si
ze-look_back 

diffi_ = series (diffi-_) 

= diffi_.values dataset. = 

dataset_ = dataset_.reshape 
(1, Look_back+1) 

X_scaled = ccaleri.transfo
rm(dataset—) 

X_scaled = X_scaled[0, 1:] 

X_scaled. 
reshape 

x_scaled, 

(look.back) 

j + Cyhat] 

X_scaled = 
(1, Look_back, 

1) 

yhat = modeli. predict ¢ patch_size=1) [0, 0] 

X_scaled = x_scaled. reshape 

new_row = (x for * in Xx_scaled 

np. array (new-Fow) 
array = 

array = array reshape (1, look_back+1) 

yhat = ey 
averse tranetorm 

(OFzaY) 
-1i) 

yhat = yhat + yeit2 (eraint_o12e
*) -ynatl) 

predictions! 
* ap. append (predictions:

 ya 

predictionsi 
= predictions! 

[100K-00", 

= 
. gex(traint 

3ize 

astrect * ee 
™ 

periods=nl, 
freq=’M’) 

indexi = pd. date range (LastFec!* 

# Plot Results 

i = 14 

mpl .rcParam
s[’ font. $*7° ] 1 ») 

nan pie sigure (E
6407 

aes 20’, label=’orig
inal’, ) 

j 
raw_V 

, 

. ; 

pit. plot (af_mean- 
$800") | ini _size] 

¢raini_mat
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 DLSTM’ 

plt.plot (af_mean- 48 ex: 
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plt.plot(index
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) “11 af_mean.index[
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jndex 

plt.axvspan 
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facecolor=
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