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Abstract: Pump Sizing is the process of dimensional matching an impeller and stator to provide a
satisfactory performance test result and good service life during the operation of progressive cavity
pumps. In this process, historical data analysis and dimensional monitoring are done manually,
consuming a large amount of man-hours and requiring a deep knowledge of progressive cavity
pump behavior. This work presents the use of complex networks in the construction of a prototype to
recommend interference during the Pump Sizing process in a Progressive Cavity Pump. For this, data
from different expert applications were used in addition to individual control Excel spreadsheets to
build the database used in the prototype. From the pre-processed data, complex network techniques
and the Betweenness Centrality metric were used to calculate the degree of importance of each order
confirmation, as well as to calculate the dimensionality of the rotors. The model was evaluated using
the mean squared error (MSE), obtaining a MSE of 0.28 for the cases where there were recommenda-
tions for order confirmations. Based on the results obtained, it was realized that there is a similarity
with the dimensional defined by design engineers during the Pump Sizing process.

Keywords: Rotor Dimensions; Complex Networks; Crossing Centrality; Rotor; Pump Sizing; Pro-
gressive Cavity Pump

1. Introduction

In 1933, the French mathematician and researcher René Moineau idealized the princi-
ple of progressive cavities. However, not having financial resources to develop his project,
Moineau sold his patents to some companies. His principles resulted in the Progressive
Cavity Pumping (PCP) lifting system, which is nowadays the main technology for oil well
production in the world [1].

The BCP artificial lift method consists of a progressive cavity pump installed inside
the well at the lower end of the production column through which fluid is pumped [1]. In
Figure 1 (left), it can be seen that the progressive cavity pump basically consists of two
components, a stator and an impeller, and is driven by the rotation of the impeller through
the rod column. In addition, it can be noted in Figure 1 (right) the dimensions that are
called major diameter (D) and minor diameter (d), both in the rotor and in the stator.

Figure 1. Rotor and stator with their dimensions: a) Rotor and stator; b) Pump dimensions.
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There are several works focused on designing electrical machines with better efficiency
and development of fault diagnostics [2], with applications optimizing the machine design
through the finite element method (FEM) [3] and artificial intelligence [4]. Increasingly,
FEM-based approaches are being successfully applied for the development of equipment
that is more robust [5–7]. Even simple solutions can be used to improve the performance of
electric motors by simply changing the way they are used [8]. On the other hand, artificial
intelligence methods are being improved to obtain models with greater capacity. In this
context, fault diagnosis can be performed by means of time series analysis [9–11], computer
vision [12,13], pattern recognition [14–16].

During the rotation movement of the rotor, voids are formed and sealed in the cavity
(Figure 1) of the stator, which are filled by the fluid to be pumped. With the rotation of
the rotor, these voids move continuously and progressively in the direction of the helicoid
pitch, dragging the fluid in the direction of the pump discharge. It is noteworthy that the
ability to generate pressure difference of the BCP is controlled by a combination between
the maximum pressure of each cavity and the number of cavities. How much pressure
difference each cavity can generate is related to the ability to create seal lines between
the rotor and stator and the properties of the pumped fluid. This seal line is improved
according to the interference between rotor and stator, that is, the smaller the space created
between them [17].

The creation of the seal line between the rotor and the stator happens by combining
their dimensions (D and d), with this it is possible to obtain greater success in the result
of the performance test on the bench, ensuring a good useful life of the pump in the well.
This combination is called Pump Sizing. The lifetime of a BCP pump is determined by the
interaction between rotor and stator in the sealing lines (interference) that are controlled by
the pump sizing. The Pump Sizing process is very complex and requires rigorous studies
on pump behavior on test benches, fluid composition, characteristics of the well where the
pump will operate, among others. To simplify this process, many BCP pump manufacturers
usually manufacture rotors with different dimensional ranges in the smallest diameter (d)
and largest diameter (D) of the rotor for each pump model. These ranges are categorized as
standard, single, double oversized or undersized [18].

Based on the arguments exposed above, this work presents the construction of a
prototype that performs the interference recommendation and, as a result, calculates the
rotor size so that it, combined with the stator can achieve the acceptance criteria obtained
during the bench performance test. In addition, it is intended to simplify all the steps
performed during Pump Sizing by increasing the number of examples that can be used as
reference, resulting in a more assertive definition.

2. Proposed Method

This paper was organized according to the steps of the CRISP-DM model, starting
with the phase of understanding the problem and its data, the selection and treatment of
data until a solid and reliable database is achieved, the definition of possible techniques to
be used in the construction of the interference recommendation, and finally the evaluation
of the results.

In the stages of Business Understanding and Data Understanding, we followed up
with the engineers who design Progressive Cavity Pumps that perform the Pump Sizing
process. In this step, maximum understanding of the process and why it is important
during the manufacturing of Progressive Cavity Pumps was obtained. In addition, all the
tasks that are performed during the process were documented. Table 1 shows the 8 main
tasks that are performed with each new input.

During the process documentation stage, the variables that directly and indirectly in-
fluence the test results of Progressive Cavity Pumps and relevant to Pump Sizing were also
catalogued. With this, a total of 38 variables were obtained, among them are variables such
as the pump model, test results, test criteria performed, and the complete dimensionality
of the rotor and stator assembly that are directly linked to the test results obtained.
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Table 1. Description of tasks performed in the Pump Sizing process.

No. Task
01 Collect data of inlet pump test conditions
02 Search for similar pumps in the database
03 Search for the rotor and stator dimensions of similar pumps
04 Analysis of the rotor and stator dimensions of similar pumps
05 Interference calculation
06 Search for the current stator dimensions of the stator of the same pump model
07 Analysis of the stator dimensions of the pump model
08 Calculation of the rotor dimensions using the interferences

Currently, most of the variables are available in expert systems (non-integrated) with
their own database, and another part are in Excel spreadsheets used by the design engineers.
Given this scenario, it was decided as a starting point to select data from the system that
stores all performance tests of Progressive Cavity Pumps, called Performance Curves. In
this selection the pump serial number, order confirmation number, rotor code, test date,
stator surface temperature, test fluid temperature and stator part code from the year 2019
were considered resulting in 8714 test records.

The data obtained from this selection went through the cleaning process, as they
presented a large amount of typing errors and lack of specific fields within the system. In
addition, data related to the stators underwent a transformation in its original structure,
because stators can be built from one or more welded parts. In this case, the information
stored for each complete stator had to be replicated, where each line represents a stator part
that makes up the complete stator.

Once the data had been cleaned and processed, it was used to make a new selection,
adding data regarding the test conditions of each order confirmation that are stored in the
ERP [19]. In this selection, information was added to the data, such as the fluid used in
the test, the rotation and pressure by which the test results will be evaluated for the pump
acceptance, and the minimum and maximum limits of volumetric efficiency defined by the
customer, which the pump must have to obtain acceptance. Finally, a dataset with 48,276
records and 37 columns was obtained, representing the entire path from the conception of
the sales order for the pump to the final test on the test bench.

To use an approach similar to the process done manually, in which historical data is
used to perform Pump Sizing, we chose to use complex networks to evaluate the influence
that an Order Acknowledgment has in relation to the others. In modeling the network, we
chose to consider it non-directed, because both vertices connected by edges are considered
similar, and both can be used as reference to each other. Figure 2 shows a sample network
in which each vertex represents an Order Acknowledgment and each edge represents one
or more reference(s) to other Order Acknowledgments.

Figure 2. Network representation.

With the network modeled, we applied the algorithms for identifying connected
components and calculating the Betweenness Centrality metric. A graph G (Figure 3a) is
connected if there is a path connecting each pair of vertices of G, otherwise G is said to be
disconnected. Thus, a disconnected graph has at least two connected subgraphs, called
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connected components (Figure 3b). The graph neural networks (GNNs) are being most
widely used for their ability to extract additional information from the data [20], in addition
to GNNs, deep learning-based models are constantly being explored for their ability to
learn nonlinear patterns [21–23]. Models that use ensemble aggregating weaker learners
also have their place within this context [24–26].

Figure 3. Graph: a) Connected components; b) Disconnected components.

Several frameworks have been used to solve graph-based problems, such as graph
attention networks [27], graph convolutional networks [28], heterogeneous graph neural
network [29], heterogeneous graph attention network [30], and so on. As well as classic
neural network models [31–33] or models based on deep learning [34–36], the choice of the
appropriate framework is critical for successful application.

The search for connected components returns a SET Generator with the Order Ac-
knowledgments of the connected component. Identifying the connected components in this
context is important for clustering Order Acknowledgments that were used as reference to
perform Pump Sizing. Also, consequently, these connected components have a similarity in
their technical characteristics, test criteria and test results in their Order Acknowledgments
and can bring additional information to the analysis. In Figure 4 you can see the plot of
10 connected components of the network. Each color represents a connected component,
where the vertices, the Order Acknowledgments.

Figure 4. Connected components.

In scenarios that involve the use of GNNs, many make use of devices and communi-
cations that involve protocols. These applications can be extended to classification [37],
and forecasting [38,39]. The graph approach could be extended to applications in health
applications [40], entrepreneurship [41], telecommunications [42,43], power systems [44,45],
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sustainability [46], industry applications [47,48], education [49], electric vehicles [50], in-
ternet of things [51–53], and fault identification in general [54,55]. Those are areas that are
being developed and could have better evaluation results when GNNs are used.

With the related components defined, the Betweenness Centrality metric was calcu-
lated, determined by Equation 1.

cv(v) = ∑
s,t ∈ V

σ(s, t|v)
σ(s, t)

(1)

where V is the set of vertices of the graph, σ(s, t) is the number of minimal paths between
vertices (s, t), and σ(s, t|v) is the number of these minimal paths that pass through some
vertex v other than (s, t), if s = t, σ(s, t|) = 1 and if v ∈ s, t, σ(s, t||v) = 0.

This metric is used to measure which Order Acknowledgment has the most influence
on the connected component it is part of. The highest values of this metric are used as a
recommendation and its data is used for Pump Sizing. The return is a dictionary where the
key identifies the Order Acknowledgment number and the value is the return of Equation
1. In Table 2 you can see this dictionary.

Table 2. Return of the Betweenness Centrality metric.

{ ’B30000714’: 0.0,
’B30000751’: 0.0,
’N30000488’: 0.0,
’N30000499’: 0.0,

’N30000506’: 14.0,
’N30000512’: 27.0,
’N30000515’: 67.0,
’N30000524’: 47.0,
’N30000527’: 0.0,
’N30000533’: 0.0,

’N30000541’: 27.0,
’N30000566’: 0.0,
’P30002318’: 0.0,
’P30002569’: 0.0,

’P30002579’: 71.0,
’P30002593’: 0.0}

At the end of this process, you have a list of dictionaries where each dictionary is a
connected component containing the Order Acknowledgment number as a key and the
Betweenness Centrality value. A sample of the result of this step is shown in Table 3.

Table 3. List of related components with the Betweenness Centrality metric.

[{’L30006281’: 0.0, ’L30006714’: 0.0, ’L30006821’: 2.0, ’L30006899’: 0.0},
{’L30005944’: 2.0, ’L30005947’: 0.0, ’L30006162’: 2.0, ’L30006163’: 0.0},
{’L30005538’: 0.0, ’L30005782’: 0.0, ’L30006208’: 3.0, ’L30006342’: 0.0},
{’L30006566’: 0.5, ’L30006622’: 0.5, ’L30006656’: 0.5, ’L30006669’: 0.5},
{’P30002330’: 0.0, ’P30002363’: 2.0, ’P30002452’: 0.0, ’P30002489’: 0.0},
{’L30006628’: 0.0, ’L30006693’: 0.0, ’L30006789’: 2.0, ’L30006890’: 0.0}]

With the related components defined and each Order Acknowledgment having its
Betweenness Centrality calculated, the step that performs the interference recommenda-
tion for the incoming Order Acknowledgment begins. Figure 5 shows the main actions
performed to make the interference recommendation.
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Figure 5. Steps for interference recommendation.

Initially, a search for Order Confirmations is applied to the data set considering the
pump model, stator rubber and pump test parameters, then the related components to
which each Order Confirmation is part are located, such connected components are grouped
and ordered by the value of the Betweenness Centrality metric. With this, we have an
ordered group of connected components that have similarity with the input. From this, the
first 5 Order Confirmations with the highest value of Betweenness Centrality, that is, with
the greatest influence, are selected.

Based on the five recommended Order Confirmations, their clashes are used to define
the new clash. We chose to use the median central tendency measure for this definition,
because it is known that there may still be outliers between the recommended cases and
they can negatively influence the value of the new interference when the average is used.

To calculate the rotor dimensions, measurements “D” and “d” of the stator are nec-
essary. In the current process, the stator dimensions are monitored to ensure that the
dimensions are close to the stator dimensions of the recommended cases. This monitoring
is necessary because changes in the process, changes in the rubber formulation, among
others, can cause changes in the stator dimensional. This monitoring is extremely necessary
otherwise the recommended interference will not be reached. It is noteworthy that the
dimensions of the last thirty stators manufactured were used, calculating the average of
the “d” of these cases. To search for these stators, parts of the data that make up the pump
model and the type of stator rubber were used. The pump pressure was disregarded
because it is not a variable that influences the stator dimensional change.

Finally, the rotor dimensions are calculated, applying the stator dimension found and
the recommended interference. It is worth mentioning that, in order to calculate the rotor
measurements, the most relevant dimensions and the ones that most influence the result
of the bench test for each type of geometry were considered. Single-lobe pumps were
calculated only the rotor measure “d” as shown in Equation 2 where, de is the smallest
diameter of the stator and i the interference.

dr = de + i. (2)

For Multi-lobe geometries Equation 3 was used. where, dme is the mean stator diame-
ter and i is the interference.

dr = dme + i. (3)

In addition, to calculate the dimensionality of the rotor with Multi-lobe geometry, it is
necessary to calculate the mean stator diameter (dme), as shown in Equation 4.

dme =
(De + de)

2
. (4)

3. Results Analysis

To test the proposed model, the data set with 48,276 records and 37 columns, resulting
from the data selection and cleaning steps, was used. From these data, only the tests where
the acceptance rotation was equal to the test rotation were considered, because the pump
is tested in several rotations, in this case, only the data of the rotation of interest to which
the pump will be evaluated is desired. Therefore, there was a reduction in the data set to
11,673 records.
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These data, in turn, were divided into two parts, a part called training, with 80% of
the records, which was used to build the network, and the second part called test, with
30% of the records, which were used as input for the recommendation. With the network
constructed from the training data, the tests for the recommendation can be performed
using the test data as input. In this step variables described in Table 1 categorized as
input were considered. To evaluate the recommendations, it was decided to compare the
average dimension "d" of the impeller in pumps with single-lobe geometry or the average
dimension "d" of the impeller in pumps with multi-lobe geometry with their respective
real average dimension. In Table 4 there is a sample of the input variables as well as the
target variable y_true which is the real rotor dimensional and which will be compared with
the recommended rotor dimensional y_rec defined by the recommendation.

Table 4. Input data and target variable.

Variable Value Type
type_tube NTZ Input

nominal_pipe_diameter 400.0 Input
pump_geometry ST Input

pump_flow 62.0 Input
high_pressure YES Input
rubber_stator 286.0 Input

test_fluid 0.0 input
temp_fluid_test 50.0 Input

temp_up_stator_test 30.0 Input
rpm_acceptance 300.0 Input

rpm_test 300.0 Input
pressure_acceptance 180.0 Input

efficiency_min 0.0 Input
eff_max 0.0 Input
y_true 41.48 Target
y_rec 41.26 Recommendation

A total of 2,972 tests were performed involving different pump models and test criteria.
The first evaluation made on the recommendation was to quantify the number of cases in
which it was successful in making recommendations. Within the 2,972 tests, 69% of the
cases had recommendations, this happens because the recommendation did not find any
Order Confirmation similar to the given inputs.

Next, the quality of the recommendation was checked, for this, the Mean Squared Error
(MSE) metric was used, which calculates the difference between the real rotor measure
and the recommended rotor measure, high MSE values, indicate that the recommendation
did not perform well in relation to the recommendations. Applying this metric to the
recommended data obtained a score of 0.28. It is worth noting that, to calculate the
MSE metric, the cases in which there were no recommendations were removed from the
recommendation dataset, i.e., the MSE was calculated using the 69% of the cases that had
recommendations.

In addition to the MSE metric, a check was made on recommendations that had a
dimensional difference between y_true and y_rec greater than 0.5mm. With an error less
than or equal to 0.5mm it is still possible to do rework on the rotor helicoid, this rework
consists of adding a layer of hard-chrome over the helicoid or removing it by sanding.
Recommendations with differentials greater than 0.5mm affect the profile of the rotor
helicoid, which in turn affects the sealing between the cavities. In this context 6% of the
cases tested showed a dimensional difference between y_true and y_rec greater than 0.5mm
and 94% less than 0.5mm.

Lastly, visual sample checks were performed by grouping the test results by pump
model, except for pump pressure. Figure 6 shows in graph form 20 samples of different
pump models comparing their real dimensions with the recommended dimensions. It is
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Figure 6. Real vs. recommended dimensional comparison.

possible to see a similarity between the real dimension and the dimension recommended
by the recommendation. The dimension of the rotor represented by the y axis shows a
decimal variation between the dimensions, in some cases the precision is even lower, in
others the recommendation is identical to the real dimension.

Although there is a variation between the real dimension and the recommended di-
mension, it is worth pointing out that this variation is very small and considered acceptable
for this context, since to calculate the dimensions of the rotors the stator measures are used,
which can suffer dimensional variations that are reflected in the calculated dimensions
of the rotor. Besides this, in the current process there is a cycle time of approximately 62
minutes to perform the Pump Sizing of each Order Acknowledgment. With the implemen-
tation of the proposed method, we estimate the reduction of this time, for cases in which
there are recommendations, in about 50% for each Order Acknowledgment for which the
Pump Sizing is done.

4. Conclusions

This work presented a method for building an interference recommender, helping
users in decision making and accelerating steps performed during the Pump Sizing process.
Besides the interference recommended, it was possible to diagnose the data used by
the recommender, so that an evaluation can be done by experts to try to explain the
recommendation, even in cases where the recommendation is not aligned with the user’s
definition. Thus, with the help of the recommender, besides delivering a recommendation,
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the amount of data analyzed by it is much larger if compared to the amount of data that is
manually analyzed by the user in the current process.

During the data selection and cleaning stage, several problems related to data quality
were identified, due to some legacy systems, which have not been updated during the
change of processes over the years, and the use of Excel tables where, both scenarios,
give users the freedom to register information without any kind of standardization. In
this context, it was decided to eliminate the doubtful records or those with empty fields,
impoverishing the database used in this work.

The use of complex networks proved to be very assertive; the construction of a
graph represented very well the current analysis model where, during the Pump Sizing
process, previous Order Confirmations are used as a reference. In this scenario, Order Ac-
knowledgments were represented by vertices and edges indicate references to other Order
Acknowledgments. This allows you to identify the connected components that helped
you find similar Order Acknowledgments among the data. In addition to the connected
components, the Betweenness Centrality metric can be used to measure the importance
of each vertex in the graph, using this measure to recommend the most important Order
Acknowledgments to the user and that consequently were the most used in past definitions.

With this, in the tests performed, the method proved to be very efficient. The recom-
mendation index close to 70% already represents a considerable reduction of user time
when performing Pump Sizing, even if the result does not agree with the user’s opinion,
he/she can use the data selected by the recommendation to evaluate the results. In addi-
tion, the MSE metric reached a value of 0.28 validating the closeness of the recommended
dimensional to the real dimensional measured on the rotor. Finally, a sample comparison
of the recommended and real dimensional values showed acceptable recommendations
to start testing in a production environment with experts following up to perform a final
evaluation. Despite achieving good results in a test environment, it is worth mentioning
that it is possible to achieve better recommendation levels by enriching the database, includ-
ing new variables for verification, implementing new pump model similarity algorithms,
performing a seasonal decomposition on the data, among others.
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