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Annotation. One of the most effective ways of monitoring is dynamometry. Dynamograms
are used to diagnose and monitor the operation of the recognition of rod-well pumping units
(RDPU). A new approach to detecting and detecting failures, malfunctions in the operation of the
RDPU system, excluding the human factor. The use of Fourier descriptors for the recognition of
dynamometric maps and machine learning techniques for the classification of various pump
conditions is proposed. With the help of the Fourier descriptor, it is possible to predict and
diagnose malfunctions of the downhole pump. These descriptors simplify, normalize, and describe
each map well. The proposed method is trained using data from real dynamometric maps.
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Introduction. Currently, the drop in demand for fuel due to the pandemic has caused a crisis
in the oil industry. Qil-producing countries, including Kazakhstan, are being forced to reduce oil
production in order to prevent oil prices from falling. This will inevitably lead to the suspension
or complete shutdown of around 30% of the total number of wells. As 80 per cent of Kazakhstan's
well inventory consists of sucker rod well pumping units (SRPUSs), the issue of normal,
uninterrupted operation of operating wells, in particular their equipment and facilities, becomes
acute when 30 per cent of wells are shut down.

There are many ways to improve the efficiency of operation and extend the life of RDPU, one
of the most important ways is timely diagnosis and monitoring of RDPU operation. It is necessary
to develop methods to predict and diagnose well pump failures.
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Materials and methods of research. One of the most effective monitoring methods is
dynamometry, the construction of a dynamogram, which provides complete information on the
condition of underground equipment and allows you to assess the operating mode of the well [1].

A supervised learning approach is used to train the model. The resulting model can predict
the probability of some unfavourable conditions for pump operation and classify them.

Supervised learning algorithms are used to analyse the training data. These algorithms
produce an inferred function that is able to represent training instances. In addition, they will be
able to correctly define class labels for unseen instances. This is necessary for the learning
algorithm to generalise the training data to unseen instances in a "reasonable” way.

Data
Selection
and
Assembly

Classifier Evaluation

Figure 1. Phases of the Knowledge Discovery in the Databases (KDD)

Dynamograms are used to diagnose and monitor the performance of the boom pump.
Traditionally, diagnostics using rod pump dynamograms are performed with the help of industry
experts. The results of analysing and interpreting dynamograms are directly dependent on the
knowledge and experience of the industry experts. There is a huge influence of human factors on
the analysis of RDPUs.

Monitoring all pumps in the field by experts is time-consuming and costly. These costs are
relatively high compared to the cost of using an automatic diagnostic system. The use of machine
learning in automatic pumping system diagnostics improves operational efficiency and enables
faster and more accurate detection of equipment malfunctions.

The main challenge in rod pump fault detection is the visual interpretation of the information
obtained. In most cases, the difficulty of visual interpretation depends on several factors. These
factors include the behaviour of the system itself, which results in similar shapes of the resulting
dynamograms. In addition, the problem encountered in analysing the dynamometer chart may be
beyond the knowledge and experience of the expert performing the analysis.

A new approach is proposed to detect and identify failures and malfunctions in the operation
of the RDPU system, eliminating the human factor (possible errors due to incorrect visual
interpretation of dynamograms).

The main idea of the paper is to use Artificial Neural Network (ANN) to recognise and
classify RDPU dynamometer map images. The approach involves using Fourier descriptors to
recognise dynamometer maps, then uses machine learning techniques to classify different pump
conditions. The model, by learning patterns from the input data, recognises the well pump
conditions. This data is pre-entered by experts in dynamogram analysis.

This approach works in two ways. Firstly, this approach extracts the Fourier descriptors used
in the analytical solution of the rod pump wave equation. Secondly, it aims to detect 13 different
states of the dynamometer maps with a large data set collected from all the wells in the field.

It is proposed to divide the recognition algorithm into 4 stages. Each stage has a significant
impact on the solution of each individual recognition case and covers all possible failures [3].

The 4 steps proposed are

v Data collection and analysis;
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v extraction function;
v classification scheme;
v testing and evaluation.
The methodology includes the following procedures, which cover all 4 steps above:

4 Review of previous approaches for extracting dynamometer map
properties;

v Review of previous classification methods;

The feature extraction algorithm that gives the best results;

Collecting real dynamometer maps classified by experts;

Preparing this data using a feature extraction algorithm;

Using supervised machine learning algorithms;

Proposing a specific model based on validation error;

Evaluating this model with respect to different RDPU conditions;
4 Testing the developed model.

The first step is to decide on the number of variables and which variables to use.

The choice of initial variables should be made by experts in the field. All variables that can
affect the performance of the RDPU are important. At this stage, the experience and knowledge of
the experts is important to imagine which data are significant.

Initial variables used: dynamometer chart data, pump fill, torque, polished rod load, total
fluid flow, plunger (piston) stroke length, etc.

An important prerequisite at this stage is good dynamometry. Dynamometry is a powerful
tool for monitoring the whole RDPU system. Analysis of the dynamometer results will be the main
variable for this methodology.

Feature extraction is one of the most important elements for the successful feature
recognition of dynamometer cards. By definition, a feature is a noticeable part or characteristic of
an object for the purpose of distinguishing it. Feature extraction is the process of creating features

[4]

ASENENENENEN

It is proposed to transform the input data into a reduced set of features or a vector of features.
This process is called feature selection. The selected features are expected to contain relevant
information from the input data. This will facilitate the subsequent learning steps.

The model developed by this methodology performs a transformation of the dynamometer
map data (x, y). This transformation transforms the map from observation space to an n-
dimensional vector. The resulting vector contains characteristic elliptic Fourier descriptors. These
descriptors simplify, normalise and describe each map well.

Elliptic Fourier functions were developed by Kuhl and Giardina (1982) [5]. They presented
a new approach to the old problem of numerical characterisation of complex shapes.

In essence, elliptic Fourier descriptors are a parametric solution to the problem of
numerically determining complex shapes. A two-dimensional contour (X, y) can be divided into
two curves. The division is performed by plotting the contour function of the third variable (t). The
first curve is a plot of the dependence of the x-axis on the map (t). The second curve is a plot of
the dependence of the Y-axis on the map (t). A pair of equations is then obtained as a function of
the third variable (t). The parameters of these two equations are used in the feature vector.

The closer the distance between the observed points, the more accurate the map. The X and
Y axes can be defined as a function of time (third variable). These new functions are single-valued
and periodic. They can therefore be fitted with Fourier functions [6].

134



YESSENOV SCIENCE JOURNAL Ml (46)-2024 /// YESSENOV SCIENCE JOURNAL 2024, Vol.46 (1)

Figure 2 shows an example of a real dynamometer graph of a piston pump. Consider the x
and y coordinate values in Figure 2 plotted on a new horizontal 'x-axis', labelled the 't-axis' (time
axis). These x and y "projections™ are shown in Figures 3 and 4.

Examination of these figures shows that they will always be single digit and periodic. It is
emphasised that Figures 3 and 4 are fitted with a Fourier function,[7]. One advantage of using this
algorithm is that the map can be reconstructed. x- Coordinates and y-coordinates that were
computed separately can be "reunited” with these coordinates (for identical values of t). The
expected shape is then recreated.
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Figure 2: Example of a real dynamometer map
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Figure 3: Projection of the x-axis of Figure 2 onto the third variable t
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Figure 4: Projection of the y-axis of Figure 2 onto the third variable t
In summary, the elliptic Fourier descriptors represent a parametric solution. This implies the

derivation of a pair of equations [8]. These two equations are a function of a third variable (X (t)
and Y (t)), as shown in equation (1).
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t: the third assumed variable.

Y (t =
t) ) m=\c.d, COS(Znﬂtj
T
n: the harmonic number.

an, bn, bn, cn, dn: Fourier coefficients corresponding to nti-harmonics.
T: period (sum of all t increments).

The results of the study. Step one: extracting the boundary

The map file is represented as a list of (x, y) items of the entire map. xp and yp are defined
as the summation of the links between each subsequent point. The sum of links between points
can be calculated from Equations 2 and 3.

Where:

Xp = f—1Axi 2)
Yp = ?_1AYi (3)
Where:

p: chain link index.
xp: summation of links on the x-axis.
yp: summation of y-axis links.

Step two: determination of the third parameter

The length of the links is called "time". The contribution of any diagonal link is \/x? + y?
."Time" of a path link is the sum of all times of previous links, as shown in Equation 4.

tp = X~ At; (4)
Where:
p: the index of the chain link.

tp: chain length in the track link.

Step three: Fourier descriptors
Equation (1) is solved to obtain a» and b» as shown in Equations 5 and 6:

T p Axp (anttp) (Znntp_l)]
a, = _.—|COS —COS\——
n o 2n2p2 Li-1 Aty T T ()
T p Axp[ . (anrtp) . (Znntp_l)]
= o |ISin\——— ) —smn|\———
n 2n2p? i1 Aty T T (6)
Where:

n: harmonic number.

an, bn: Fourier coefficients corresponding to the ntk-harmonics.
T: period (sum of all t increments).

k: total number of links.

p: chain link index.

xp: summation of links along the x-axis.
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tp: chain length in the path link.
The same procedures are applied for the y-axis. Accordingly, c» and d» are identified as
shown in Equations 7 and 8.

T p AYp (anttp) (anttp_l)]
c, =——=).; ,——|cos — cos 7
n 2n2p2 A1 ag, T T (7)
T Ay. . 2nmt ) 2nmty_q
d, =——YF 2 [sm( p) — sm( 2 )] 8
n 2n2p2 A1 ag, T T (8)

Where:

n: harmonic number.

cn, dn: Fourier coefficients corresponding to the nti-harmonics.
T: period (sum of all t increments).

k: total number of links in the chain.

p: chain link index.

yp: summation of links along the y-axis.

tp: chain length of a path link.

Step four: machine learning input vector

It should be emphasized that the input parameters are 15 elliptic Fourier descriptors that
provide a normalized set of coefficients an, bn, cn, and dn.

These coefficients are invariants of rotation, displacement and scale. Hence, a matrix of
values [15 x 4] is created. The first coefficient refers to the centroid of the input shape.

Therefore, this can be ignored. This leaves the remaining 59 EFD coefficients. These 59
descriptors can be used to compare shapes.

Hence, the feature vector y = (a2, b2, c2, d2,..., a1s, b1s, c15, d1s) can be constructed and
used as input to the classification algorithm.

Conclusion. The model developed by this methodology performs an (x,y) transformation of
the dynamometer map data. This transformation transforms the map from observation space to an
n-dimensional vector. The resulting vector contains characteristic elliptic Fourier descriptors.
These descriptors simplify, normalise and describe each map well. The proposed technique is
trained using data from real dynamometer maps.
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Yaxncabaeea M.M.*, Huy-Tuan Pham?
YII. Ecenoe amvindazvr Kacnuii mexmono2uanap sicone uHiICUHUPUHS YHUGEDCUMENI,
Kazaxcman, Axkmay
2Xo IIIu Mun mexnono2uanvix yxcane biniv 6epy ynusepcumemi, Boemuam
HITAHI AJIBIK-YHE BIMAJIBIK COPYbI KOHABIPFBIJIAPBIHBIH AKAYJIAPBIH
ABTOMATTBI TYPIAE TAHY 9AICTEMECI

Anoamna. MOHUTOPUHTTIH TUIMAIL of1icTepiHiH Oipi-aIuHaMoMmeTpus. JnHamorpammanap
IITCK >XyMBICHIH IUAarHOCTHKAalay oHE Oakpliay YIIH KOJJAAHBUIAAbl. Anam (hakTOpbIH
oonmpipmaiiTeiH  LIITCK sxyiieciHIH JKYMBICBIHIAFBl aKayJIBIKTapAbl, ICTEH IIBIFYIapibl
AHBIKTAYJBIH JKOHE aHBIKTAYIbIH KaHa Toclm. Dypbe NECKPUNITOPIAPHIH TUHAMOMETPHSIIBIK
KapTajap/bl TaHy YIIiH )KOHE COPFBIHBIH dPTYPJIi JKaFJaiIapbIH XKIKTEY YIIIH MAITUHAIBIK OKBITY
TEXHHUKACBIH KOJIJIaHy YCBhIHBUIAABI. Dypbe NeCKPUNTOPHIHBIH KOMETiIMEH YHFBIMAa COPFBICHIHBIH
aKaylnapelH OoJDKayFa J>KoHE AWarHo3 Kowra Oonampl. byn nmeckpumnropiap op KapTaHb
KEHUIIETe/Ml, KAaJbIllKa KENTipedi KOHE IKAKChl CHUNATTAiIbl. YCBIHBUIFAH OJIIC HAKTHI
JTUHAMOMETPHSUIBIK KapTallapIbIH JIEPEKTePiH KONIaHA OTHIPHIT OKBITHLIAIBI.

Kinm ce30ep: mitanraisik TepeH ik coprbl KOHABIPFICH (IIITCK), MOHUTOpHHT, iCTCH
IIBIFy, akKaynap, JIWHAMOMETPHUSIBIK KapTa, AuHamorpamma, Dypse mecKpuUnTopiapsl,
MarmmHaibIK OKBITY TEXHHKACHI, MOJIEN1, TAHY aITOPUTMI, IEPEKTEP/Il Tanaay.

Yaxcabaesa M.M.*, Huy-Tuan Pham?

YKacnuiickuii ynusepcumem mexuonoauti u unacunupunea um. LI Ecenosa, Kazaxcman, Akmay
2Xo IITu Mun mexnonocuueckuii u o6pazosamenvuulii yuugepcumem, Bvemuam
METOJIAUKA ABTOMATHUYECKOI'O PACIIO3HABAHUS HEUCITPABHOCTEM
HITAHI'OBO-CKBA’KUHHBIX HACOCHBIX YCTAHOBOK

Annomayusn. OnauM u3 3pPEeKTUBHBIX CTOCOOOB MOHUTOPUHTA SIBJSETCS AMHAMOMETPHSI.
JluHaMorpaMMbl HCIIOJIB3YIOTCS Il JUArHOCTUKH M MoHmTOopuHTa pabotsl IIICHY. Hosrit
nmoaxod OOHApy>KeHUsS W BBIABICHHUS OTKa30B, Hemojagok B pabore cuctemsl I[LICHY,
MCKITIOYAOIIHI uenoBeueckuit ¢paktop. [Ipemmaraercs ucnonb3oBanue AeCKpUNITOpoB Dypbe 1Jis
pacmo3HaBaHUS UHAMOMETPHUYECKMX KapT W TEXHUKA MAIIMHHOTO OOYYeHHs IS
KJIaCCU(UKALUK DPA3NMUYHBIX yciaoBuid Hacoca. C momomipio jaeckpurnropa Dypbe MOKHO
CIIPOTHO3MPOBATh M JMArHOCTUPOBATh HEUCIPABHOCTH pPabOThl CKBAXXMHHOTO Hacoca. OTH
JIECKPUIITOPHI YIPOILIAIOT, HOPMAIU3YIOT U XOPOIIO OMHUCHIBAIOT KaXayto KapTy. [Ipennoxennas
METOJIMKa 00y4aeTcsi C HCIIOIh30BAHUEM JIAHHBIX pPeaTbHBIX THHAMOMETPUIECKUX KapT.

Kniouesvte cnosa: mranropas rnmyOuHHas HacocHas ycranoBka (IIICHY), monuTopuHT,
OTKa3, HEMOJaJAK1, JUMHAMOMETPUYECKAs KapTa, TMHAMOrpaMma, JeCKpUntopsl Oypbe, TEXHUKA
MAIIMHHOTO 00yYeHUsI, MOJIENb, AITOPUTM PACIIO3HABAHUS, AaHAIIN3 TAHHBIX.
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