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ABSTRACT

Many of the recent nuclear power plant projects use natural circulation as heat removal mechanism. The ac-
curacy of heat transfer parameters estimation has been improved through models that require precise prediction
of two-phase flow pattern transitions. Image patterns of natural circulation instabilities were used to construct an
automated classification system based on Self-Organizing Maps (SOMs). The system is used to investigate the
more appropriate image features to obtain classification success. An efficient automated classification system
based on image features can enable better and faster experimental procedures on two-phase flow phenomena
studies. A comparison with a previous fuzzy inference study was foreseen to obtain classification power im-
provements.

In the present work, frequency domain image features were used to characterize three different natural
circulation two-phase flow instability stages to serve as input to a SOM clustering algorithm. Full-Frame Discrete
Cosine Transform (FFDCT) coefficients were obtained for 32 image samples for each instability stage and were
organized as input database for SOM training. A systematic training/test methodology was used to verify the
classification method. Image database was obtained from two-phase flow experiments performed on the Natural
Circulation Facility (NCF) at Instituto de Pesquisas Energéticas e Nucleares (IPEN/CNEN), Brazil.

A mean right classification rate of 88.75% was obtained for SOMs trained with 50% of database. A mean right
classificationrate of 93.98% was obtained for SOMs trained with 75% of data. These mean rates were obtained
through 1000 different randomly sampled training data. FFDCT proved to be a very efficient and compact image
feature to improve image-based classification systems. Fuzzy inference showed to be more flexible and able to
adapt to simpler statistical features from only one image profile. FFDCT features resulted in more precise results
when applied to a SOM neural network, though had to be applied to the full original grayscale matrix for all flow
images to be classified.
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1. Introduction

Natural circulation phenomenon has been used for many years as a
cooling mechanism in safety systems of nuclear power plants. These
cooling systems are being included in new reactor design projects as
main or redundant heat removal mechanism. It is very important to
improve knowledge about heat transfer behavior of two-phase flow
regimes in these new reactor designs. Natural circulation instabilities
characterize important limiting conditions of these cooling systems,
where heat transfer parameters such as critical heat flux are studied
(Nayak and Sinha, 2007).

Accident analysis in nuclear reactors were improved when compu-
tational resources were available, and research was mostly focused on
thermal-hydraulic instabilities. These studies were initiated by
Ledinegg in 1938 (Ledinegg, 1938) and developed during the 60’s when
the high-power-density boilers and boiling water reactors (BWR) were
developed (Ruspini et al., 2014). Two-phase flow instabilities study
(Chiang et al., 1994) is mainly related to nuclear safety. In cited recent
review, Ruspini et al. (2014) describe a “new’ kind of flow instability
that is called Natural Boiling Oscillations (NBO) by Chiang et al. (1994).
NBO is caused by the accumulation of vapor downstream from the
heated section with a periodic expulsion of this vapor causing water to
fill the adiabatic section and causing a periodic phase shift of about
180° between the flow rate and the pressure drop oscillation in the
region where the vapor accumulates. Other two-phase flow instability
described by Ruspini is called Geysering, described in upward vertical
boilers and occurring for low power and low flow rates. It is referred as
having three stages: boiling delay, condensation (or expulsion of vapor)
and liquid returning.

Two-phase flow studies using image processing and intelligent al-
gorithms have been recently published (de Mesquita et al., 2012; Fu
and Liu, 2016; Pouryoussefi and Zhang, 2015) in search for ideal
techniques to promptly identify flow patterns and associated para-
meters which should enable better flow estimates and control. de
Mesquita et al. (2012) have classified different natural circulation in-
stability stages through a Fuzzy Inference System based on statistical
properties of detected peaks on different grayscale image profiles. Sa-
tisfactory results were obtained for pattern detection based on small
quantity of input data extracted from high-resolution grayscale images
of two-phase flow natural circulation experiment.

Seleghim and Hervieu (1998) proposed a relation between flow type
transitions and time-frequency covariances of void fraction signals.
Neural networks have been used to detect phase transitions based on
signal changes by the same group more recently (Barbosa et al., 2010).

Many different techniques have associated qualitative image ana-
lysis with two-phase flow parameters study, including flow-type tran-
sitions, void fraction, dry angles and others (Hsieh et al., 1997; Kattan
et al., 1998; Kirouac et al., 1999; Maurus et al., 2002; Shamoun et al.,
1999). Pouryoussefi and Zhang (2015) developed a classification
system for classical two-phase flow patterns based on Fuzzy Logic an
Genetic Algorithm applied to images generated by four different tur-
bulent models. Watershed segmentation associated with an adaptive
threshold enabled bubble number density estimation for air-water two-
phase vertical upward flow (Fu and Liu, 2016). Other recent related
study identifies two-phase flow stages of solid-liquid experiments on
Particle Image Velocimetry (PIV) images using image processing tech-
niques (Shi and Zhang, 2015).

In this paper, flow patterns associated with natural circulation in-
stabilities are classified using a neural-network-based algorithm. These
instability stages were denominated based on classical Bouré classifi-
cation (Boure et al., 1973). Two-phase flow patterns associated with
natural circulation instabilities were more recently reviewed (Delhaye
et al., 1981; Nayak et al., 2007; Ruspini et al., 2014). “Chugging” is the
usual term to denominate the characteristic periodic expulsion of
coolant from a flow channel.

Periodic two-phase flow instabilities have been studied through the
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Natural Circulation Facility (Circuito de Circulagdo Natural — CCN) in-
stalled at Instituto de Pesquisas Energéticas e Nucleares, IPEN/CNEN
(Andrade et al., 2000; de Mesquita et al., 2012; de Mesquita and Penha,
2010). This facility is an experimental circuit designed to provide
thermal-hydraulic data related to one and two-phase flow under natural
circulation conditions. One of the primary features of this experimental
circuit is to allow extensive visualization of flow through its tubes
which are all glass-made.

This work uses the same image database used in previous work to
enable comparison of classification efficiency between a previously
developed Fuzzy Inference System (de Mesquita et al., 2012) and Self-
Organizing Maps methods. The Fuzzy classification mainly used sta-
tistical properties of grayscale profiles that were extracted from corre-
spondent images to each instability stage.

During the development of the present classification system using
SOMs, it became evident that previously used statistical grayscale
profile features were not enough for the SOM classifier to make a clear
distinction among the instability patterns. Simple variance measures
including the whole image were not able to characterize each stage. The
heterogeneous shapes of Expulsion stage were many times confused
with the other two stages studied. The paper was initially based on the
same features used on Fuzzy System, which were applied in that work
over single grayscale profiles of two-phase flow studied images. The
features used in that paper, although statistic in nature, were related to
a specific grayscale profile. Fuzzy methodology showed to be more
appropriate to treat and adjust fuzzy rules to separate each image class.
However, the Fuzzy classifier was high dependent of the chosen profile.
SOM was not able to use these features as good classifier inputs. New
features were necessary to be tested to improve classification success.
Full-Frame Discrete Cosine Transform (FFDCT) coefficients showed to
be adequate components of a feature vector which was very efficient in
characterizing the images corresponding to each instability stage stu-
died. The next sections will explain the methods used to develop this
classification system and how the test results were statistically studied
to estimate the classifier efficiency.

1.1. Full-Frame Discrete Cosine Transform (FFDCT)

Discrete Cosine Transform (DCT) is a frequency domain transform
which is part of Discrete Fourier Transform (DFT) that has been used
since the 70s by Ahmed et al. (1974) in applications such as digital
processing and pattern recognition and Wiener filters (Pratt, 1972).
During the 80s, Chen and Pratt (1984) used DCT to digital image
compression obtaining good results.

DCT usual application is done through block-based transform
coding to obtain lossy data compression. A compression scheme based
on DCT was standardized by the Joint Photographic Experts Group
(JPEG) of the International Standardization Organization (ISO). This
technique obtains high compression ratios at the expense of producing
some artifacts induced by block decomposition at compression ratios of
8-12:1 (Beretta et al., 1994). The JPEG scheme uses DCT through image
blocks of 8 by 8 pixels. These blocks are used for image reconstruction
after they are transmitted and received. Artifacts could become visible
with this technique, and for this reason, this compression is undesirable
or unacceptable for medical applications (Villasenor, 1993). A more
recent and reliable DCT technique consists of applying DCT to the entire
image as a single block. This technique is usually cited as Full-Frame
DCT (FFDCT). Although it is more computationally intensive to per-
form, it yields better image quality results at higher compression ratios
(Cavalaris, 1998).

In this paper, FFDCT was used to obtain compact information that
should represent the main morphological characteristics of each flow
pattern studied. FFDCT is mainly used in medical images (Wilhelm
et al.,, 1991) and to produce watermarks in digital images (Emami,
2016). To enable watermarking applications, FFDCT coefficients
probability density functions can be modeled without loss of
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performance by a Laplacian density function with variance decrease
with frequency (Barni et al., 1998).

FFDCT coefficients showed to be an important feature to be used on
classification tasks which depend upon image representation. The
FFDCT ability to compress most of image frequency information in few
ordered coefficients that represent the main image characteristic of the
studied instability stages. The FFDCT coefficients ordering is such that
low frequency information and high frequency information extracted
from image can be accessed depending on which frequency band of
information is chosen to be used. In this work, the first ordered coef-
ficients used were the ones correspondent to low frequency information
extracted from analyzed images. This aspect will be better described in
following sections.

2. Methodology

The main purpose of the classification task was to automatize the
recognition of images pertaining to one of the three stages of the
‘chugging’ cycle. These stages are cyclical with regular periods and are
called as Incubation (I), Expulsion (E) and Refill (R) as described by
Boure et al. (1973).

The algorithm was used to associate each instability stage of natural
circulation cycle imaged at a Natural Circulation Facility (NCF) to one
or a set of image features. This association was implemented by a Self-
Organizing Map neural network trained based on a previous database
(de Mesquita et al., 2012).

Two-phase flow images were acquired concomitantly with tem-
perature measurements to stablish the time-intervals in which each
instability stage was being imaged. Based on these time-intervals,
image database for each instability stage was composed of hetero-
geneous image patterns.

2.1. Natural circulation facility

2.1.1. Experimental circuit

The experimental images used in this work were acquired at Nuclear
Engineering Center (CEN) of the Nuclear Energy Research Institute of
Sao Paulo, IPEN. The images were captured during two-phase flow
experiments performed at the Natural Circulation Facility (NCF) (Fig. 1)
where two-phase flow instabilities were generated. These natural cir-
culation instabilities are experimentally verified to behave cyclically at
determined time periods. This cycle can be divided into three stages.
Each of these stages have their own period, with defined transitions
between them. This experiment is better described in previous work (de
Mesquita et al., 2012).

The NCF was designed to provide thermal hydraulic data related to
one and two-phase flow at ambient pressure. It was all constructed of
glass tubes enabling flow patterns visualization through all circuit. The
circuit is detailed described elsewhere (Andrade et al., 2000; de
Mesquita et al., 2012). Image acquisition (Fig. 1(b)) was done above
electric heater region (Fig. 1(a)).

2.1.2. NCF instability cyclic behavior

The NCF presents two-phase periodic instability with well-defined
period of oscillation. This instability has been described as ‘chugging’
(Andrade et al., 2000; Boure et al., 1973; de Mesquita et al., 2012). This
instability is characterized by periodic expulsion of coolant from the
channel. The two-phase flow experiments at NCF are usually adjusted
to sustain a cyclic and periodic behavior of this instability.

The overall chugging cycle, observed at NCF experiments and used
for this work, was obtained with a 7270W heating power in a 9500s
test. Images were acquired with an interval of 1s during all experiment.
Periodic transition of stages was evaluated by measuring time intervals
between images corresponding to stage transitions. The heating power
was estimated to be raised up leading the flow temperature up to 98 °C
with an ambient temperature of 25 °C. Cooling flow rate of 140 L/h was
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Fig. 1. Schematics of NCF: electrical heating section (a), visualization section
(b), cooling section (c) and expansion tank (d).

kept constant during the experiment.

The image database was composed of selected images corre-
sponding to each instability stage. The selected images for each stage
were chosen to be in the middle of time interval between stage tran-
sitions (Fig. 2). Fig. 3 presents examples of image database samples
obtained for each chugging cycle stage.

The incubation stage is characterized by the growth of number and
size of vapor bubbles and accumulation of vapor at upper horizontal
region of the circuit. Pressure grows and flow rate decreases causing
expansion tank to be filled with liquid from the cold leg. Expulsion
stage starts when slug flow begins to be replaced by churn flow when
liquid entrained by vapor is expulsed from hot leg. Expansion tank at-
tains its maximum value at this stage. Finally, the Refill stage begins
when the flow rate direction is inverted by the difference of hydrostatic
head. Here, the hot water at the heater is replaced by cold water coming
from cooler. The vapor production at the heater decreases and the
horizontal part of the hot leg is filled with water again, beginning the
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Fig. 2. Graphical representation of NCF instability cyclic behavior.

overall cycle. The cycle repeats itself when hot leg is once more filled
with water. The regular T period for this experiment was evaluated
based on temperature minimum-peaks time interval. Image patterns
presented the same cycle period. This periodic flow oscillation behavior
can be thoroughly observed in this facility due to its glass-made tube
structure.

A graphical representation of chugging cycle stages at NCF is shown
in Fig. 2 where the three main stages are represented. Total cycle time is
49 s and each stage is represented in this figure. Each block represents a
typical vertical section image. The blocks are connected by arrows in-
dicating the sequence order of stages and the interval time between the
moment when images were taken. The regular T period of 49s for a
complete chugging cycle is estimated after two-phase flow stabilization
occurs. The cycle is composed of an Incubation stage (T to (T + 30)s),
an Expulsion stage ((T + 30)s to (T + 35)s) and a Refill stage which
lasts for the remaining 14 s of the cycle period.

2.2. Image acquisition

Image acquisition was done by using high-resolution digital camera
with 250 pus shutter speed. The captured tube section was 20 cm long of
a 3m vertical glass column. Lens mount was configured to enable
macro focus and image acquisition was done at approximately one
frame per second rate during different cycles of 1000-1500s long.
Typical acquisition modes generated 3888 x 2592 pixels of a long-
itudinal tube section with a resolution of approximately 0.03 mm/pixel.
Backlight illumination technique showed to be the optimal condition to
obtain image borders best definition. Images were acquired at an ap-
proximate 200 mm longitudinal section of the cylindrical hot leg tube
(46.3 mm external diameter) shown on Fig. 1(b).

Image Database was organized based on the three main chugging
stages. The database was composed of selected images related to each
stage of chugging cycle. From 2530 images, 32 sample images were
selected to characterize each flow stage. The images in Fig. 3 show four
examples for each chugging stage. From these images, it is possible to
observe that there are visual similarities and differences among the
same stage examples.

Pattern images

were acquired simultaneously with circuit
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temperature measurements synchronized in time. Periodic behavior
was confirmed by the detection of the refill-to-incubation stage transi-
tion image pattern. This detection is described with more detail in
previous works (de Mesquita et al., 2012; de Mesquita and Penha,
2010).

The training and test image files were organized in three different
folders corresponding to each instability stage class. Each class folder
contained 32 full-sized 107 pixels RGB images (red-greenblue pattern)
in compressed file format. Images were pre-processed with an inter-
polation done by the gray-level transform Matlab function ‘rgb2gray’.

The images were stored using the better compression JPEG quality
available on the high-resolution Canon® EOS-5d camera. This com-
pression quality file format has very small information losses in the high
frequency domain and in color information. As our method is based on
a low frequency feature and is applied over grayscale images, this loss
would have negligible influence. There are advantages in speed of
image acquisition and image processing.

2.3. Full-Frame Discrete Cosine Transform (FFDCT) feature extraction

The image features were mainly extracted based on Full-Frame
Discrete Cosine Transform (FFDCT) to classify each instability stage.
This feature was chosen after the unsuccessful use of statistical prop-
erties as input to SOM neural network classifier. Statistical properties
associated to line profiles were previously used to classify instability
stages (de Mesquita et al., 2012).

Images were chosen at the middle of each chugging stage cyclic
time. Therefore, for the same stage, there were different image samples
with variations of image patterns. This work searched for more per-
ennial image features that could be present in the same instability stage
image database (Fig. 3).

FFDCT showed to be the more appropriate and efficient image
feature to represent the common pattern for the same instability-stage
images. Special importance was necessary to be given to Expulsion
stage, which presented images with different patterns but almost al-
ways presenting big volumes of vapor inside the imaged section. These
big void sections inside images were easily detected by FFDCT coeffi-
cients, as can be seen in Fig. 4. This figure shows that with few FFDCT
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Fig. 3. Cropped images of NCF chugging cycle: Incubation (I) samples at the first row, Expulsion (E) samples at the second row, and Refill (R) samples at the third

Tow.

coefficients it is possible to reconstruct the main void areas with big
regions of white pixels. A typical FFDCT vector with 100 coefficients
obtained for NCF analyzed images is presented in Fig. 5.

The low frequency information present in the image (regions with
smoother gray level transitions) is registered in the first coefficients.
These great areas presenting clearer gray tones could be preserved
using only 12 initial coefficients using the zig-zag technique (Eq. (4)).
These transforms have a strong power of information compaction.
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One the main objectives to use FFDCT was to characterize the global
blur associated with the big regions of vapor in two-phase flow in-
stability stage called Expulsion as can be seen in Fig. 4.
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Fig. 4. Typical Expulsion stage original image, with respective reconstructed images using 100, 50, 12 and 6 full-DCT coefficients.
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Fig. 5. FFDCT feature vector with 100 coefficients obtained through zig-zag
technique.

2.4. Overall classification system

The methodology used to apply SOM to flow images is represented
on Fig. 6. Images were acquired as is described in section 2.2 and or-
ganized in proper folders to enable appropriate neural network
training. A sequence of steps precedes the proper SOM training to
classify flow instability stages.

Database was organized aiming a comparison with previously
classification methodology using Fuzzy Logic (de Mesquita et al., 2012).
Image database was used to create FFDCT vectors for each chugging
stage class.

SOM training was done in two different sampling percentage of
whole database, 50% and 75% of available images for each instability
stage, or 16 and 24 images from the 32 images for each instability stage.
In each sampling percentage for training, the rest of the data were used
to test the classification task (Fig. 6) where TR% is the portion of data
samples used to train the SOM neural network. The DCT2 function from
Matlab (Mathworks Inc, 2015) was applied to each image sampled for
training and a FFDCT coefficient matrix was obtained. This function
applies two-dimensional discrete cosine transform to image matrixes.
Through zig-zag technique, the first 12 coefficients (corresponding to
low frequency) were chosen to form a characteristic vector for each
sampled image. An example of a FFDCT vector with 100 coefficients is
show in Fig. 5.

The implemented classification task was based on different sam-
pling experiments, enabling a procedure similar to cross-validation
technique where random proportional sampling with reposition was
done to train the SOM with different sampling.
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Final classification tests were performed in different ‘experiments’
with a thousand of repetitions for each sampling type. At first, a
thousand tests were done with random initialization for each sampling
proportion (50% and 75% from whole database). After each of the 1000
times in which the training was done, a SOM map was created and 15
clusters were searched using k-means method. After clustering was
performed upon the trained SOM, a classification map was constructed
to distinguish each instability stage class. Initially the Best Match Units
(BMUs) for each sample image were obtained and an initial labelled
map was created (Fig. 8a). Thereafter, a classification SOM was fully
labelled (Fig. 8b) with the instability classes chosen for each prototype
generated by SOM training process. Based on this last map, a test was
performed searching for the nearer (based on Euclidean distance)
generated SOM prototype, and its associated label was used to classify
the test sample as I, E or R. All test vectors were tested for each of the
1000 random sampling ‘experiments’. The right classification rate was
estimated to each flow instability stage and a global classification rate
was evaluated.

Representative histograms were generated to show ‘experiments’
right classification distribution. Figs. 11 and 12 show the obtained
histograms for each instability stage class and a global Right Classifi-
cation Rate.

2.5. Self-organizing maps (SOMs)

SOM neural network is a clustering algorithm developed by Teuvo
Kohonen (Kohonen, 2001, 1982), based on self-organization of multi-
dimensional prototype vectors which are molded and approximated
using Euclidean distance among vectors. A two-dimensional map con-
taining these trained prototypes is obtained. The two-dimensional self-
organization and training is based on a competitive learning paradigm,
where each prototype vector compete to better represent input data (X;)
distribution. Each prototype p; is represented in a two-dimensional cell
which is a unit of a grid of m cells (or neurons), where X; and p; are n-

dimensional vectors:
X = {2122, %n}2i € #, ¢))

B = {tulosrtuliti € #, 2

Prototype-vectors are competitively trained based on Euclidean
distance (Eq. (3)):

d(x.p) = V@@=t + @)+ o+ @n—t)?, j € [1,2,.,m] 3)

The neuron containing the nearest prototype is usually called ‘Best
Match Unit’ (BMU) and is chosen to be changed to minimize the dis-
tance to the input vectors. The neurons set constitutes a bi-dimensional
lattice map which juxtaposes similar prototype vectors. This
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Fig. 6. Instability Flow-type Classification System (IFCS) based on SOM clus-
tering. TR% is the portion of data used for training (50% and 75%).

topographic map preserves implicit statistical information contained in
input data. These maps can be considered as a linear generalization of
principal component analysis heuristic and when proper training is
used, the hexagonal grid of neurons converges (Bouton and Pages,
1993; de Mesquita et al., 2004).

The map is considered well trained based on quantization error (qe)
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Table 1
SOM right classification (R) statistics for 50% sampling.
Classification Pattern R (%) Riin (%) Rpnax (%)
I 98.74 70.63 100
E 75.61 41.25 98.75
R 91.90 33.75 100
Global 88.75 67.92 99.58
Table 2
SOM right classification (R) statistics for 75% sampling.
Classification Pattern R (%) Roin (%) Rinax (%)
I 98.01 70 100
E 85.82 42.5 100
R 98.12 30 100
Global 93.98 68.33 100

which evaluate average distances between each vector and its corre-
spondent BMU. The topographic error (t.) is another important training
parameter which measures the average Euclidean distance between first
neighbors’ cells on SOM grid. The SOM algorithm was implemented
using Som Toolbox 2.0 (LCIS, 2011) over Matlab (Mathworks Inc,
2015) platform.

2.5.1. Statistical classification test methodology

The proposed classifier was tested using a statistical procedure using
repeated random sampling with reposition. This procedure is one of the
cross-validation variants usually applied which requires smaller data-
base size (Kohavi, 1995). All training and classification steps were re-
peated 1000 times.

The sequence of steps used to test the classifier with statistical
sampling described in Fig. 6 is summarized in eleven steps:

i) Database organization based on instability stage in folders con-
taining 32 different images with an acquisition time corresponding
to the middle of each chugging instability stage (I, E or R);

ii) FFDCT coefficients evaluation for each database image and storing
each of these sets on files inside a correspondent instability stage
folder;

iii) Random sampling with replacement of a percentage of FFDCT files
to train the SOM and separating the resting samples for testing;

iv) SOM random initialization for each of the 1000 times that a new
random sampling is done;

v) SOM training using 30,000 iterations;

vi) Map clustering using 15 clusters as a basis to find groups of similar
vectors using the k-means algorithm through kmeans_clusters.m
function from SOM Toolbox (LCIS, 2011);

vii) Clustered map labelling using BMUs for each training sample;

viii) Map clusters filling with labels chosen based on the class asso-
ciated with more number of BMUs inside each of the 15 clusters;

ix) Comparison of each test vector with prototypes of the map, and
associating the label of winner prototype (Euclidean nearer);

x) Right classification rates obtainment for each class and global re-
sult;

xi) After 1000 sampling tries a histogram is constructed.

Based on Kohonen criteria (Kohonen, 2001) and taking into account
the number of training vectors (considering 25% of total samples, 24
vectors), a small map should have seven cells (seven prototypes) and a
big map should have 113 cells. For a 50% sampling these numbers
would double with a map size varying from 14 to 226 cells. For a 75%
sampling the map size should stay between 28 and 452 cells. Based on
many tries, this work found the ideal size to be 48 hexagonal cells in
order to compare the different experiments with different sampling and
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Fig. 7. SOM distance map (a) and FFDCT prototypes (b) generated for one training sample ‘experiment’ for 50% sampling. Darker cells on distance map (a), represent

smaller Euclidean distances between each pair of prototype cells (b).

(a)

(b)

Fig. 8. SOM BMUs labelled map (a) and fully labelled classification SOM map (b) for 50% sampling. Colors represent the 15 clusters used to organize the map.

initialization. The map was trained using 30,000 iterations as basis for
all ‘experiments’.

3. Results and discussion

The classification task was the main purpose of this work. The use of
FFDCT coefficients has shown to be an important feature to char-
acterize different flow regimes. Specially for this work, the high clas-
sification rates obtained showed conclusively that this system can be
very useful to two-phase flow patterns detection.

Tables 1 and 2 show a global 88.75% and 93.98% right classifica-
tion rate, based on 1000 tries for different random sampling of 50% and
75% of database respectively (which corresponds to 16 and 24 samples
of 32 files for each instability stage class). All tries were done based on
random initialization for each sample, assuring statistical distribution
demonstrated in histograms shown in Figs. 11 and 12.
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The maps were trained with a constant 8x6 size using radius of 4
distance units for initial training phase (30,000 iterations) and radius of
2 units for fine-tuning phase (22,500 iterations). Quantization error
(qe), which is the average distance between each training vector and its
corresponding BMU, was kept near 0.0912 during all training stages
used in this work. The obtained topographic errors (t.), which are the
proportion of all training vectors for which the first and second BMUs
are adjacent cells in SOM map, were kept near 0.0208.

Typical obtained profiles of FFDCT for each instability stage class
can be observed in Figs. 7(b) and 9(b) where SOM prototypes. Each of
these FFDCT prototype maps have is presented besides the SOM unity
matrix (U-matrix), showing the Euclidean distance distribution among
prototype cells (Figs. 7(a) and 9(a)). The darker gray colors represent
smaller distances between each pair of cells. Clearer gray colors re-
present bigger distances. These distance maps show a preview of pos-
sible clusters. Typical obtained clustered SOMs with the BMUs labelled
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Fig. 9. SOM distance map (a) and FFDCT prototypes (b) generated for one training sample ‘experiment’ for 75% sampling. Darker cells on distance map (a), represent

smaller Euclidean distances between each pair of prototype cells (b).
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Fig. 10. SOM BMUs labelled map (a) and fully labelled classification SOM map (b) for 75% sampling. Colors represent the 15 clusters used to organize the map.

on it and the corresponding fully labelled SOM used for classification
are shown in Figs. 8 and 10 for 50% and 75% sampling proportion. The
different colors represented in Figs. 8 and 10 represents the 15 different
clusters which were used to classify the map. It is important to em-
phasize that for each training sample a different map was generated,
and all classification procedure was repeated. The maps presented in
Figs. 8 and 10 are typical results.

Figs. 7(a) and 9(a) represent the unity matrix (U-matrix) showing
the normalized Euclidean distances for all the map cells. Darker
grayscale units represent nearer distances between SOM main map
cells.

It is possible to observe that the statistical distribution of right
classification rates obtained for different sampling proportions (50%
and 75%) showed best performance of 75% sampling. The minimum
value for both sampling proportion remained within 5 percental points’
difference. Expulsion class right classification was the hardest task due
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to inhomogeneity of image patterns related to this stage, as can be seen
in Fig. 3, second line, where four different samples are shown. It can be
observed that, although the number of input training samples were
always kept constant for each instability sample, the prototypes clas-
sified as Expulsion were greater due the inhomogeneity of patterns for
the same instability stage.

The classification results are presented in Tables 1 and 2. These
tables present the mean right classification rateR, the minimum right
classification Rp,;, and the maximum right classification Rp,.x for 1000
trials. Table 1 presents the 50% sampling results and Table 2 presents
the 75% results.

These results should be considered in comparison with previous
Fuzzy System (de Mesquita et al., 2012). The main aspects of these
comparisons are: 1) many experiments using simple statistical measures
over all image were tested as input to SOM neural network, and were
not enough for good classification results; 2) these experiments were
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Fig. 11. Right Classification Histogram for 1000 random sampling and initialization for 50% sampling.
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Fig. 12. Right Classification Histogram for 1000 random sampling and initialization for 75% sampling.

not included in the present paper because presented very unsatisfactory
results; 3) the Fuzzy classification system used in previous paper was
based on two different statistical features applied over a grayscale
profile; 4) these profiles were also tried as input to SOM classifier and
also presented bad results; 5) Fuzzy classifier had to rely on grayscale
profiles, and had to adjust fuzzy rules to two different extracted features
simultaneously; 6) in Fuzzy classifier the results depended on which
profile was chosen. The FFDCT coefficients showed to be an important
image feature that was the unique feature used as input.

4. Conclusions

A new classification technique using the Kohonen neural network
(Self-Organizing Maps) was presented using Full-Frame Discrete Cosine
Transform (FFDCT) coefficients as input features. These coefficients
were extracted from whole images taken experimentally from a two-

phase flow experiment performed at a Natural Circulation Facility. The
images were taken from natural circulation chugging instability gen-
erated in a controlled experiment taking temperature measurements to
characterize the oscillation period of the periodic instability.

A methodology for two-phase flow instability classification was
previously published (de Mesquita et al., 2012) using a Fuzzy Inference
System based on statistical features from single image profiles. The
initial purpose of the work was to compare both methodologies. The
neural network showed lower capacity to classify these image patterns
based only on statistical features extracted from image grayscale pro-
files. However, the use of FFDCT coefficients proved to be a valuable
tool to be used as input to neural network systems on this classification
task. This feature showed superior results in extracting associated
prototypes to each flow instability stage.

The images were selected based on the corresponding middle time
of each chugging stage considered, presenting variable image patterns
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for the same stage, specially the Expulsion stage. The classification
success of the technique was due to FFDCT efficiency in capturing the
common characteristic presented in different image patterns within the
same chugging stage. This was obtained with few 12 coefficients which
kept information of great void regions from images that originally were
taken with resolution of 3888 x 2592 pixels (10 Mp).

The SOM classification task required that the image extracted fea-
tures were more concisely representative of each instability stage. The
Fuzzy rules seem to be more flexible and able to compensate the het-
erogeneity of image patterns present in the same instability stage. The
present study was able to confirm that it was possible to use as few as
12 coefficients from FFDCT feature to classify the instability stages.
These coefficients are already known to be effective in compacting in-
formation contained in image, as are usually applied in compacting
algorithms. The use of such few FFDCT coefficients to characterize an
image pattern used as input to a neural network was one important
achievement. It can be applied to two-phase flow studies and can have
broader applications as well.

The statistical method used for validation of the classification trials
was executed with 1000 tests for each sampling proportion used for
training. Results showed right classification mean values near 90%. The
histograms showed robustness of results.

The Incubation (I) and Refill (R) patterns were better identified with
higher right classification rates as the images pertaining to these classes
have more homogeneous morphological characteristics. Expulsion (E)
patterns have more inhomogeneous morphological features causing
more difficulty to be identified.

These results represent an important contribution to this research
area. Monitoring multiphase flow in nuclear systems through digitally
registered images or direct visualization it is a key area to be developed
both on basic research on thermal-hydraulic heat transfer problems and
on industrial applications.
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