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Abstract. The objective of the current work is to present the development of a robust Particle Tracking Velocimetry (PTV)

software for the analysis of the behaviour of oil drops in an oil-water two-phase flow within a centrifugal pump impeller.

The tracking was performed through high-speed camera acquisitions in a transparent pump prototype, which enabled

the visualization of oil drops dispersed in water in all the impeller channels. The PTV software is based on an U-NET

and standard convolutional networks, which detect the oil drop contours in each frame of the high-speed camera videos.

In order to assess the PTV software capabilities, a single experiment was analyzed in detail. In this experiment, due to

the pump rotation speed and the water flow rate, intense transient fluctuations on the dispersed oil size distribution were

observed in the recorded acquisitions. This procedure completely characterized the instantaneous drop dynamics in the

pump impeller. According to the results, there is a strong dependence between the oil injection flow rate, the instantaneous

drop size distribution, and the average velocity field.

Keywords: Particle tracking velocimetry, centrifugal pump, oil drop, two-phase liquid-liquid flow

1. INTRODUCTION

In oil production, centrifugal pumps are widely used as an artificial lift method. During operation in oil fields, it is

usually unavoidable to operate the pump in unfavourable conditions, such as in the presence of gas and viscous fluids

in the system. The flow structures and phase arrangements in the impeller cause the pump performance to decay. In

this situation, operational instabilities and premature equipment failure may occur as well. Several experimental studies

have been performed to better comprehend the phase distribution inside the pump’s impeller channels, mainly presenting a

qualitative analysis of two-phase flows. The recent work of Perissinotto et al. (2021) contains a detailed review of relevant

flow visualization studies on centrifugal pumps.

In most of the studies found in the literature, high-speed camera images are used to visualize the flow patterns inside

the pump (Zhang et al., 2016; Monte Verde et al., 2017; Zhao et al., 2021). However, only a few of these works attempt

to track the dispersed phase’s motion and extract quantitative information regarding the dynamics of bubbles or drops

(Perissinotto et al., 2019, 2020; Stel et al., 2019).

In Perissinotto et al. (2019), the authors tracked the motion of individual oil drops in an oil-water two-phase flow

within a centrifugal pump impeller through the use of high-speed camera images. According to the results, there is a

clear dependence between the flow conditions and oil drops dynamics. In particular, the authors observed that oil drops

flowing close to the impeller’s suction blades move faster than those located near the pressure blades. Using the same

experimental setup and geometry, the authors in Perissinotto et al. (2020) studied the motion of water drops flowing in a

water-oil two-phase flow. The analysis of the water drops motion indicated that these drops travel in random trajectories,

decelerating as they move towards the impeller exit. In both studies, the flow conditions affected the path of the drops.

In Stel et al. (2019), the authors adopted a tracking technique similar to the one used in Perissinotto et al. (2019)

and Perissinotto et al. (2020) to study the bubble dynamics in a gas-liquid two-phase flow in a centrifugal pump impeller.
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According to the authors, there is a dependence of the bubble diameters and their trajectories within the impeller channels.

The results showed that small bubbles follow a smooth trajectory as they move throughout the channel, from the inlet to

the outlet plane, while larger bubbles present a lateral deflected motion.

Despite the rich analysis and discussions presented in Perissinotto et al. (2019), Stel et al. (2019) and Perissinotto et al.

(2020), in these studies the dispersed phase motion was tracked through manual operations. This, in turn, may result in

insufficient samples which cannot fully describe the dispersed phase dynamics. That is of fundamental importance when

those results may provide a better comprehension on the relationship between the dispersed phase and pump performance.

In addition, as the formation of emulsions in impellers is a top issue for the oil industry, the quantitative information may

help the development of useful phenomenological models, which are crucial to the design and operation of centrifugal

pumps employed in oil fields (Bulgarelli et al., 2021).

In recent years, different authors (Poletaev et al., 2020; Haas et al., 2020; Torisaki and Miwa, 2020; Serra et al., 2020;

Cerqueira and Paladino, 2021; Cerqueira et al., 2021) proposed deep-learning techniques for identifying, and in some

cases, tracking the motion of the dispersed phase in two-phase flows. Recently, in Cerqueira et al. (2021), the present

author used a U-Net convolutional neural network (Ronneberger et al., 2015), employed for semantic image segmentation

tasks, to create a binary mask and remove the gas bubbles in Particle Image Velocimetry (PIV) raw images. Thus, in that

previous work, the U-Net generated binary masks which identified the bubbles on the images, creating a mask capable of

correctly reconstructing the dispersed phase’s shape.

The objective of the current work is to present the development of a robust Particle Tracking Velocimetry (PTV)

software for the analysis of oil drops behaviour in dispersed oil-water two-phase flow within a centrifugal pump impeller.

High-speed camera images were captured in a transparent pump prototype (Perissinotto et al., 2019, 2020) which enabled

the visualization of dispersed oil drops in water in all the impeller channels simultaneously.

In this present work, a U-Net convolutional network identifies and highlights the instantaneous oil drop contours from

the flow images. Then, a PTV analysis is carried out with the instantaneous drop positions from those deep-learning

processed images. A Convolutional Neural Network (CNN) identification algorithm removes overlapped drop contours.

After the oil drops are identified, the processed and classified images are used to compute the instantaneous displacement

through a Labelled Object Velocimetry (LOV) technique (Laupsien et al., 2021).

In order to asses the capabilities of the PTV software, a single experiment with an intense transient fluctuation was an-

alyzed in detail with the current technique. The instantaneous Lagrangian results of the PTV algorithm were transformed

into an Eulerian coordinate. This transformation allowed the generation of time-averaged fields, which completely char-

acterize the drop dynamics in the impeller channel.

2. EXPERIMENTAL SETUP

Experiments were performed in the apparatus described in Monte Verde et al. (2017), Perissinotto et al. (2019) and

Perissinotto et al. (2020). The setup is composed of a water flow line and a black-dyed mineral oil injection system, in

addition to a centrifugal pump prototype based on a real pump model commonly used in oil wells. In order to visualize the

flow inside the impeller channels, the top shroud was removed and replaced by a new one made of transparent plexiglass.

This modification allowed the study of gas-liquid flows in Monte Verde et al. (2017) and liquid-liquid flows in Perissinotto

et al. (2019) and Perissinotto et al. (2020). The schematic diagram of the experimental facility is shown in Fig. 1.

Figure 1: Schematic diagram of the experimental facility. Figure extracted from Perissinotto et al. (2019).



26th ABCM International Congress of Mechanical Engineering (COBEM 2021)
November 22-26, 2021, Florianópolis, SC, Brazil

3. IMAGE PROCESSING METHOD

In the present work, the U-Net and CNN models and image processing algorithms were developed in the Python

programming language. The image processing routines were implemented using the OpenCV (Bradski, 2000) library.

For the deep-learning methods, the Keras (Chollet et al., 2015) framework with a Tensorflow (Abadi et al., 2015) backend

was employed.

3.1 U-Net model

The U-Net is a convolutional network architecture for precise image segmentation. The neural network can be seen

as an encoder-decoder neural network architecture where encoder and decoder layers are directly connected. This layer

connection helps the network recover information lost during the max-pooling operations from the encoder module. For

more details, the reader may refer to the original U-Net convolutional network architecture implementation (Ronneberger

et al., 2015).

In order to train the U-Net convolutional network, the high-speed camera images were manually labelled to create

the training datasets. The masks were manually generated by using a simple GUI (Graphical User Interface) software

developed for this sole purpose. Through this application, it was possible to approximate the oil drop contours through

ellipsoids or, depending on the case, by a contour composed of a set of connected points.

Different U-Net architectures were tested by modifying the hyperparameters of the neural network. After finishing the

training step, the U-Net resulting mask was compared against a validation dataset. Therefore, it was possible to quantify

the quality of the masks produced by the U-Net model.

Figure 2 presents the U-Net segmentation in two different flow conditions, where the dispersed oil drop morphology

differs completely. In Fig. 2a), due to the lower water flow rate (Qw = 1.06 m3/h) and pump rotational speed (N =
300 rpm), the oil drops present a large size and a distorted shape. On the opposite, in Fig. 2b), due to the higher water

flow rate (Qw = 4.26 m3/h) and pump rotational speed (N = 1200 rpm), the oil drops are smaller in size and have

an ellipsoidal shape. As observed in these two examples, the trained U-Net is capable of segmenting the images and

identifying the drop regions throughout the entire impeller geometry.

(a) N = 300 rpm and Q = 1.06 m3/h (b) N = 1200 rpm and Q = 4.26 m3/h

Figure 2: Example of the image segmentation mask produced by the U-Net model.

3.2 CNN model

Despite successfully reconstructing the dispersed oil drop contours by creating a binary mask, the U-Net model cannot

identify if a given contour represents a unique drop or a set of overlapped drops. Therefore, an additional step was added

to the image processing pipeline to classify whether a certain contour represents a valid drop. In the present work, this

classification task was done by a CNN model. As the U-Net labelling, this model was built from manually labelled images,

which were classified with the help of a custom build GUI software.

At the end of the classification step, the contours were classified as “valid” and “invalid”, where the ones from the first

category had their instantaneous velocity calculated and could be used to produce the ensemble-averaged results, while

the “invalid” drops were discarded and not included in the statistical analysis.

As with the U-Net model, different CNN architectures were proposed and compared to a validation dataset. In this

case, since the CNN network was simpler than the U-Net architecture, it was possible to use the Keras-Tuner package

(Chollet et al., 2015) to run a hyperparameter optimization study. The CNN model classification results, produced by

the highest accuracy model from the hyperparameter study, can be visualized in Fig. 3, where a region of the impeller

is highlighted and magnified. According to the results, the CNN is capable of identifying drops that are overlapped in

different oil drop morphologies.
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(a) N = 300 rpm and Q = 1.06 m3/h (b) N = 600 rpm and Q = 2.13 m3/h

Figure 3: Example of the CNN contour classification in two different flow conditions: a) Flow configuration where the

drops present a distorted shape and large characteristic size and b) Flow configuration where the oil drops present a smaller

size and an ellipsoidal shape. Contours in red represent “invalid” drops, while the ones in green represent “valid” drops.

4. DROP VELOCITY CALCULATION

After classifying the entire set of contours in a given image, the Labelled Object Velocimetry (LOV) technique (Laup-

sien et al., 2021) was adopted for obtaining the drop displacement. The LOV is based on spatial correlations similar to

those used in Particle Image Velocimetry (PIV), but instead of using images where tracer particles are present, it employs

grey-level shadowgraphy images. Here, the calculation is based on the images produced by the U-Net model by using

the masked image of two consecutive frames. After determining the displacement of the contour, this value was applied

to compute the instantaneous drop velocity by multiplying the pixel displacement by the calibration value (pixel to mm

equivalence) and dividing this value by the high-speed camera acquisition frequency.

When applying the PTV technique, most of the available methods found in the literature work by identifying objects

over two consecutive images (Cerqueira and Paladino, 2021; Stahnke et al., 2021). By adopting this approach, errors may

be incurred in cases involving large deformable objects, such as the dispersed oil drops in the present work. Therefore,

the LOV method was preferred over the traditional PTV approach.

As a drawback, since the method relies on a correlation method, i.e., there is not a reciprocal of a given drop in the

next image frame, it was necessary to create this link between drops on the i-th and (i + 1)-th frame. This was done by

applying the U-Net and CNN models into the i-th and (i+1)-th frames and calculating the LOV displacements. First, the

drops found in the i-th frame had their contours projected to the (i + 1)-th frame. Then, the procedure was executed in

the reversed order, where drops from the (i+ 1)-th frames were projected in the i-th frame. When the original and back-

propagated contours overlapped, the pairing was completed, and it was possible to reconstruct the drop trajectory. This

procedure is schematically represented in Fig. 4, which presents the propagation from the i-th to the (i+ 1)-th frame. In

the first frame, the LOV displacements of the identified drops are calculated. In the second frame, only the drops, which

also are identified from the CNN and U-Net step, are located. Due to high-speed camera acquisition frequency, some

drops may experience a small displacement. Hence, the drop contours from the i-th are superimposed on the (i + 1)-th
frame. If the contours overlap, the contours represent the same drop. In addition, some drops may move a distance larger

than their characteristic diameter. In these cases, the drop trajectory is estimated with the LOV velocity in the i-th frame.

If the contour in the (i + 1)-th frame overlaps its trajectory, the contours represent the same drop. To improve the PTV

robustness, this same procedure is then repeated in the reverse order, from (i+ 1)-th to i-th frame.

Figure 4: Schematic representation of the drop connectivity, necessary to create this link between drops on the i-th and

(i+ 1)-th frame. The dashed lines on the last pane present the estimated drop trajectory by its instantaneous velocity.

The procedures described in this section are performed in each frame of the high-speed camera acquisition. As an
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example, Fig. 5a) shows the drops detected on a current frame and their “pairs” found on the next frame, while Fig. 5b)

illustrates the instantaneous velocity vectors obtained at a given flow condition.

(a) N = 300 rpm and Q = 1.06 m3/h (b) N = 600 rpm and Q = 2.13 m3/h

Figure 5: Example of results from the LOV: a) each red contour represents a drop in the current frame, while each yellow

contour indicates its shape in the next frame; b) red arrows symbolize the instantaneous velocity vectors of the oil drops

flowing in the impeller at a certain flow condition.

5. RESULTS

In Perissinotto et al. (2019), when investigating and discussing the data and images from the high-speed camera, the

authors took care to only extract experimental results at conditions in which the mineral oil injection was uniform. This

was necessary since the dispersed phase was injected through a peristaltic pump which, due to its mechanical design,

resulted in a pulsating flow of oil drops in the transparent prototype test section. Therefore, at certain pump operations

and flow configurations, a severe fluctuating component was observed in the dispersed oil phase. Thus, some portions of

the videos from the high-speed camera had to be discarded when the results were analyzed by the researchers.

On the other hand, in this present work, through the use of an automatic PTV technique, it is now possible to process

those results and analyze the effects of the dispersed oil phase flow rate on the oil drop dynamics. Thus, an experimental

condition in which those fluctuations were visible was selected to assess the capabilities of the new PTV software and

finally analyze the oil drop dynamics. This experimental condition represents the "C1 test" in the study by Perissinotto

et al. (2019), where the pump rotational speed is N = 300 rpm, the water flow rate entering the impeller sections is

Qw = 1.06 m3/h and the oil flow rate is Qo = 0.0072 m3/h.

5.1 Instantaneous oil volume fraction

The deep-learning based image processing algorithm developed in the current work was able to detect most of the oil

drops present in the images. Therefore, it was possible to estimate the instantaneous oil volume fraction εo(t) from the

detected oil drops, calculated as:

εo(t) =
–Vo(t)

–Vimpeller

=

∑ni

i=i –Vo,i

–Vimpeller

(1)

where –Vimpeller is the total volume of the impeller channels and –Vo(t) is the instantaneous total oil volume, which is the

sum of the volume –Vo,i of the ni oil drops detected on a single image frame at a time instant t. In the present work, the

oil drops were approximated by prolate spheroids, and their volumes (–Vo,i) were estimated as follows:

–Vo,i =
1

6
πdi,1

2di,2 (2)

where di,1 is the length of the minor axis and di,2 is the length of the major axis of a detected oil drop.

Figure 6 presents the transient oil volume fraction εo(t) for the selected experimental point during the total acquisition

time, which was filmed by the high-speed camera at a 1000 fps acquisition rate.
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Figure 6: Instantaneous oil volume fraction εo(t) along the acquisition period. The circles and their labels represent the

time instant when the images shown in Fig. 7 were taken.

The results of Fig. 6 reveal that indeed the peristaltic pump does not inject the dispersed oil drops uniformly. It is

possible to observe that the oil volume fraction first increases, reaches an approximately constant state and then decays

to a condition where no oil is present on the test section. According to the transient results, the high-speed camera first

acquires a complete oil injection cycle and then captures a part of the second one. In Perissinotto et al. (2019), the

dynamics of the oil drops were analyzed with video portions related to the uniform region of –Vo,i.

As can be noticed, the transient values of the oil volume fraction in Fig. 6 present strong oscillations from frame to

frame. Such deviations are a result of possible occlusions that may occur when multiple oil drops overlap, as stated in

Section 3., and also a consequence of the methodology adopted when calculating the oil drop volume.

To better visualize the instantaneous phase distribution within the impeller channels, snapshots of the experimental

acquisition are shown in Fig. 7. The time instants when the images were taken are identified in Fig. 6 by a circle and a

label. In addition, the two axes from the prolate spheroid approximation are available for each detected drop in Fig. 7.

(a) t = 0.5s (b) t = 1.25s (c) t = 1.4s

(d) t = 2.2s (e) t = 3.0s (f) t = 3.2s

Figure 7: Visualization of the dispersed oil drop distribution in different time instants, illustrating the pulsating character-

istic of the oil injection system. In these pictures, the impeller became stationary through the use of an auxiliary image

processing algorithm that rotated the image counter-clockwise, following the idea by Perissinotto et al. (2019).

The results from Fig. 7 reveal that the drop size distribution changes during the acquisition due to fluctuations in the

oil injection system. Following the time coordinate of Fig. 6, as the first injection cycle initiates, the oil drops present a
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spheroidal shape, Fig. 7a). As the oil flow rate increases, Figs. 7b) and 7c), the oil drops increase in volume and small

drops are also visible in the test section. According to the observations of Perissinotto et al. (2019), these small drops are

formed outside the impeller channel, and the breakage occurs close to the oil injection point, where the drops undergo

a sudden change in direction and momentum. Increasing the oil flow rate further, Fig. 7d), a higher number of smaller

drops are visible together with an increased population of larger drops. That is the typical flow configuration found over

the “uniform” oil injection regime that lasts from 1.50s until 2.75s in the first oil injection cycle. After this point, the oil

flow rate decreases, Fig. 7e), reducing the number of small and large drops until only a few tiny oil drops remain present,

Fig. 7f). The same trend is observed in the second oil injection curve, which starts close to t = 2.75s and lasts until the

end of the high-speed camera acquisition.

In Fig. 7, the highlighted contours represent the detected oil drops returned by the U-Net/CNN model. It is noticeable

that, in Fig. 7d), the oil drops that are close to or overlapping their neighbours are not detected. That is the reason why

the oil volume fraction value, as shown in Fig. 6, may result in underestimated values. On the contrary, in Fig. 7c), a

large deformed drop is approximated by a prolate spheroid, and the oil volume is overestimated. However, despite the

associated uncertainty regarding the estimation of the oil volume fraction, the results represent satisfactorily the transient

conditions of the oil injection system.

5.2 Time-interval statistics

The automatic PTV developed in the present work is capable of extracting information with regard to the shape and

velocity of oil drops at any instant of time. However, instantaneous results may not provide sufficient information about the

drop dynamics, in special when the results are analyzed in Eulerian coordinates, which is the present case. Therefore, in

order to better comprehend the effect of the instantaneous oil volume fraction and size distribution on the drop dynamics,

a time-interval statistical procedure was adopted.

Through this procedure, instead of producing statistical results over the entire high-speed camera acquisition, i.e., from

t = 0.0s to t = 7.0s, a short sampling interval was defined to average the instantaneous fields. Hence, it was possible to

study the transient drop size distribution and the average drop velocity field as oil was injected into the impeller channels.

Following the rotational nature of the impeller motion, the sampling time was based on the time necessary for the impeller

to complete a full revolution (0.2s). According to preliminary analysis, a time interval of 0.6s, time to complete three full

revolutions, resulted in consistent averaged results.

5.2.1 Drop size distribution

Figure 8 displays the drop size distribution at three different instants of the oil injection cycle. In these results, the

Sauter mean diameter d32, which is the ratio of volume to surface area (Crowe et al., 2011), is adopted to characterize the

size of the oil drops.
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Figure 8: Drop size distribution in three different moments of the oil injection cycle. These histograms refer to the results

of the first injection cycle, t = 0.0− 3.6s, as show in Fig. 6. The 〈d32〉 variable denotes the mean drop diameter in each

frequency plot.

The drop size distributions from Fig. 8a) reveal that, in the first moments, when the oil volume fraction is low,

most drops have a small diameter in the range between 0.0 and 0.75mm. As observed, Fig. 8a) present the drop size

distribution in two intervals of the initial injection cycle. There is a large difference in these two distributions, which

indicates a transient component in the drop injection cycle. Besides, in both time intervals, drops larger than 0.75mm

assume an uniform distribution, suggesting that when the peristaltic pump injects oil into the test section, the large drops

do not have a preferential shape. As the oil volume fraction increases and the injection cycle reaches an uniform state,

Fig. 8b), the mean drop diameter shifts to a smaller value, and large drops (d32 > 2.5 mm) are rarely found throughout the

impeller channels. Another important observation of Fig. 8b) is that, within the time interval when the oil volume fraction
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is constant, the drop size distribution remains the same, with minor differences. However, at the end of the injection

cycle, Fig. 8c), the mean drop diameter moves toward smaller values, and a few occasional large drops are present in the

prototype test section. The distributions shown in Fig. 8 are relative to the first oil injection cycle (see Fig. 6), but the

observations were reported in the second cycle as well.

5.2.2 Drop velocity

The results presented so far indicate that not only the instantaneous oil volume fraction exhibits a transient/cycling

behaviour, but also its size distribution does. Hence, this section is devoted to present time-interval results of the velocity

field, aiming to verify whether the differences identified in the oil volume fraction and size distribution also influence the

dispersed phase’s dynamics.

This section provides the velocity as a time-interval averaged field in a “representative” impeller channel. This pro-

cedure was adopted by taking advantage of the symmetry between the impeller channels and the pump prototype design.

Since the blade geometry is the same within the whole impeller and the inlet region distributes the flow equally to the

channels, it was possible to consider that the flow characteristics and structures are the same in each channel. This ap-

proach increased the number of samples and the consistency of the results in each time-interval averaged field. Therefore,

a mapping function was used to map the values of the different impeller channels to this single representative channel.

In order to compute the time-interval average velocities, the instantaneous drop velocities evaluated by the LOV

technique were mapped back to a fixed Eulerian background mesh (Cerqueira and Paladino, 2021). Then, those values

were stored in a multidimensional array and an the time-averaged fields were calculated as:

〈Φ(x, y)〉 =

∑nhold

i=0
Φi(x, y)

nhold

(3)

where nhold is the number of drops acquired in a (x,y) mesh position. The Φ property is a generic variable, such as the drop

velocity ~vo. It is important to mention that this calculation was performed in a non-inertial frame of reference (Perissinotto

et al., 2019), where the impeller was kept stationary through the help of an auxiliary image processing algorithm.

Figure 9 displays the contour plots of the time-interval averaged velocity magnitude |〈~vo〉| of the oil drops in different

intervals of the oil injection. The results show that indeed the oil volume fraction and size distribution modify the drop

dynamics.

(a) t = 0.0− 0.6s (b) t = 0.6− 1.2s (c) t = 1.2− 1.8s

(d) t = 1.8− 2.4s (e) t = 2.4− 3.0s (f) t = 3.0− 3.6s

Figure 9: Time-interval averaged velocity magnitude |〈~vo〉| of the oil drops in different intervals of the oil injection. The

impeller moves clockwise. The pressure blade is at the top and the suction blade is at the bottom of the channel (see Fig.

7).

As expected, the velocity contours shown in Figs. 9d) and e) do not present significant deviations, as those two results

represent time-averaged results in two periods when the peristaltic pump was injecting the oil almost uniformly. That
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is not the case outside this constant state, as can be observed in Figs 9a)-c) and f). According to these results, large

deviations are found in two localized regions. The first one spans from the inlet section to the suction blade, while the

second one is near the pressure blade. When comparing those values, it is assumed that the water velocity fields are not

altered by the pulsating injection of the peristaltic pump. That is a reasonable assumption, since the volumetric flow rate

ratio βo = Qo/(Qw +Qo) and oil volume fractions εo present very low values. Therefore, the observed differences may

be a consequence of the drop size distribution.

The motion of the oil drops is determined by Newton’s second law, and the force acting on each drop may be divided

into different hydrodynamic contributions, such as drag, lift, virtual mass and pressure gradient (Crowe et al., 2011).

According to the drop size distribution shown in Fig. 8, the main difference between the cases that lie on the uniform oil

injection interval and the remainders is the increase in the number of larger or smaller drops. At a steady continuous phase

velocity field, the small drops require a lower force to be dragged through the channel. In other words, the velocity of a

drop tends to increase as it becomes smaller. In the opposite way, the large drops may demand a higher contribution of

the drag force to move, so their velocities may occasionally decrease. Nevertheless, those drops, due to their larger size,

may present higher local velocities as a consequence of the pressure gradients acting on them. This partially explains why

the time-averaged velocity fields in Figs. 9a) and b) have higher magnitudes at the entrance region, where the pressure

gradient is probably more significant. In addition, there is an additional contribution of the impeller rotation: a large drop

has a large mass, so it experiences a more intense effect of the centrifugal force, which leads the drop to accelerate.

In summary, the motion of the drops is governed by different force contributions, and the effect of the size distribution

on the drop dynamics must be further studied with sophisticated experimental techniques, such as by the use of the PIV

technique or by detailed numerical simulations.

6. CONCLUSIONS

In the present study, a Particle Tracking Velocimetry (PTV) software was developed to track the motion of oil drops

in a oil-water two-phase dispersion within a centrifugal pump impeller. The motion tracking was done through the image

processing of high-speed camera videos of the flow in a transparent pump prototype.

The image processing was based on two deep-learning techniques. First, a U-Net network segmented the high-speed

camera images, dividing regions into two categories, one for background and a second one highlighting the oil drop

contours. Later, a standard CNN classified each detected oil drop contour as valid or invalid. After detecting the oil drops

in each high-speed camera frame, the LOV technique calculated the instantaneous drop velocity.

In order to assess the PTV software capabilities, a single experiment, where the oil drops were injected into the impeller

channels in a transient fashion, was analyzed in detail. According to the results, there is a deep dependence between the

oil injection flow rate, the instantaneous drop size distribution, and the average velocity field.

The automatic PTV technique detailed in the current work is an advance of the manual procedure described in

Perissinotto et al. (2019) and Perissinotto et al. (2020). The new approach is able to extract much more information

from high-speed camera images, making it suitable for analyzing dispersion and emulsion flows within rotating environ-

ments. Therefore, the new automatic PTV technique can be further used to increase the comprehension of scientists and

researchers on the drop dynamics in the whole impeller, including the study of transient phenomena which may influence

the performance of centrifugal pumps used in the oil and gas industry.
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