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ABSTRACT 
 
This work investigates the response of a volume fraction prediction system for water-gas-oil multiphase flows 
considering variations on water salinity. The approach is based on gamma-ray pulse height distributions pattern 
recognition by means the artificial neural networks (ANNs). The detection system uses appropriate fan beam 
geometry, comprised of a dual-energy gamma-ray source and two NaI(Tl) detectors adequately positioned 
outside the pipe in order measure transmitted and scattered beams.  An ideal and static theoretical model for 
annular flow regime have been developed using MCNP-X code, which was used to provide training, test and 
validation data for the ANN. More than 500 simulations have been done, in which water salinity have been 
ranged from 0 to 16% in order to cover a most practical situations. Validation tests have included values of 
volume fractions and water salinity different from those used in ANN training phase. The results presented here 
show that the proposed approach may be successfully applied to material volume fraction prediction on water-
gas-oil multiphase flows considering practical (real) levels of variations in water salinity.  
 
 

1. INTRODUCTION 
 
The multiphase flow measurement is very important issue in offshore petroleum industries. 
The use of techniques for determination volume fractions of oil-water-gas flows with 
adequate precision is required. By using of gamma-ray sources [1, 2, 3, 4, 5, 6] it is possible 
to determine all three component fractions without modifying the operational conditions, 
allowing accomplishment of the entire monitoring process. However, this method 
demonstrates high sensitivity to the salinity of the water component [7, 8] at low energy 
gamma-ray due to the relatively high atomic number of chlorine modifying the photoelectric 
absorption region. One approach to solve this problem is to measure regularly the water 
salinity and enter this data to the flow meter to correct the output, but this solution will not 
pick up sudden changes in salinity, and is even impossible in applications where there is no 
access to the production line. The measurement gas volume fraction (GVF) independent of 
the water salinity for homogenously mixed multiphase oil/gas/water flows has been 
demonstrated [8].  
 
The solution adopted in this work is based on the same principle as the dual energy-ray 
densitometer [1], but incorporates artificial neural networks (ANNs) [9] in order to interpret 
the pulse height distributions (PHDs) obtained by gamma-ray radiation detectors in order to 
predict the VFMs [10, 11, 12, 13] salinity independently. 
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ANNs are mathematical models inspired in the human brain, which has the ability of learning 
by examples. ANNs are able to discover behaviors and patterns from a finite set of data 
(called the “training set” or “training patterns”). If an adequate training set is provided, the 
ANN is able to generalize the knowledge acquired during learning process, responding 
adequately to new situations (not comprised in the training set). 
 
The response of a volume fraction prediction system for water-gas-oil multiphase flows have 
been investigated [11, 12], but the variations on salinity water was not considered (a fixed 
value of 4% of NaCl was considered). In this study, unlike these previous studies established, 
a procedure for training of ANN to predict volume fractions where the water salinity varies 
from 0 to 16% is proposed. Moreover, the validation tests considered values of volume 
fractions and water salinity different from those used in ANN training.  
 
The training and test patterns (different material volume fractions and salinity) were obtained 
by means of static and ideal mathematical models for annular regime. Data for testing the 
ANN have also been generated aiming to evaluate the neural network generalization. The 
validation set is used for a final test after ANN training in order to evaluate the ANN in the 
working phase1. These models were developed by mathematical simulation using the Monte 
Carlo N-Particle eXtended (MCNP-X) computer code [14], which is specific for simulating 
electron and photon transport through materials with various geometries, based on the 
method of Monte Carlo (MC) [3,4]. The MC technique is a widely used simulation tool for 
radiation transport, mainly in situations where physical measurements are inconvenient or 
impracticable. In this work the MCNP-X code.  
 
Thus, this work provides a methodology able to calculate salinity independent material 
volume fractions of multiphase flows (gas-water-oil) based on interpretation of gamma-ray 
PHDs by means of the ANN. 
 
 

2. PROPOSED METHODOLOGY 

 

2.1. Material Volume Fraction Predictions  
2.1.1. Proposed geometry 

 
The gamma-ray PHDs obtained by detectors are directly used to feed a ANN, which allowed 
the use of simplified detection geometry consists of two NaI(Tl) detectors, the first one 
positioned at 180° diametrically opposed to sources of 241Am and 137Cs and the second one at 
45°. In addition, the proposed geometry combines2 the transmitted (IT) from detector 1 (D1) 
and scattered (IS) from detector 2 (D2) (dual-mode densitometry) beam measurements from 
gamma-ray source with a fan beam, thus it is possible to acquire sufficient information about 
and also to increase the measurement area on the cross-section of the pipe making the 
precisely the volume fractions MVF prediction less dependent on the flow regime [5, 8]. 
 
In all simulations, fan beam geometry (for the source) and two NaI(Tl) detectors has been 
used. One of them (D1) is aligned to the source (180°) and the other (D2) is located at 45°. 
                                                 
1 The working phase (or the use of the ANN), in which the trained ANN is used to respond to new (real-world) 
situations. This is an on-line phase and the ANN does not need the training set any more. 
2 Since these measurements reveal different response of the interaction mechanisms of the radiation and the 
flowing medium. 
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The measurement system simulation is shown in Fig. 1. One collimated (angle beam 8.84°) 
gamma-ray point source (59.45 keV: 241Am and 662 keV: 137Cs) has also been simulated in 
the MCNP-X code.  
 
The gaseous phase was substituted by air and oil was assumed as a hydrocarbon (molecular 
formula C5H10) with a 0.896 g.cm-3 density [15]. A Polyvinyl Chloride (PVC) tube composes 
a test section with 1.8 cm thickness and 25.0 cm of internal diameter.  
 
The model developed in the MCNP-X code considers the main effects of radiation with the 
matter involved and the PHDs from the NaI(Tl) detectors. The energy resolution, dimensions 
and characteristics of a real detector are also considered; in general, the model presented 
tends to approach the realistic case [12]. 
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Figure 1. Simulated system. 
 
 
 
2.1.2. Mathematical detector model 
 
The mathematical model considered NaI(Tl) scintillator detector as a homogeneous cylinder 
[11, 16, 17, 18, 19, 20] with 31 mm (diameter) x 19 mm (thickness). The information 
(dimensions and materials) of a real NaI(Tl) detector was considered in the mathematical 
model for calculating the MCNP-X code from gammagraphy technique. A special treatment 
provided in the MCNP-X code: the Gaussian energy broadening (GEB) (card FTn) option has 
been used to better fit the full energy peak shape of PHD [14]. The GEB parameters have 
been set taking into account3 the resolution of the detector by means of the FWHM provided 
by radioactive sources [11], for this it must to be inserted into the input file (INP), the 

                                                 
3 This step aims to validate the response of the detector quality by means of energy resolution while the order 
quantity will be achieved by normalize the of the full energy peak from PHD obtained by MCNP-X. 
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mathematical model of the detector. In calculations it has been considered the radiation 
background and the contributions due to interactions by Compton Effect. 

 
2.1.3. Salinity 

 
The method that use dual energy gamma-ray attenuation measurements demonstrates high 
sensitivity to the salinity of the water component mainly [7, 8] at low energy gamma-ray due 
to the relatively high atomic number of chlorine modifying the photoelectric absorption. The 
cross section for photoelectric effect at a given photon energy is highly dependent on the 
atomic number of the absorbing material, and hence dependent on the salinity of the water. In 
a multiphase flow with brine, oil, and gas the salt atoms will give a relatively large 
contribution to the average atomic value of the mixture since the main components of the 
flow are low atomic number atoms (hydrogen, oxygen, and carbon). 
 
The PHDs calculated with pipe (see Fig. 1) filled with water mixed with salt to five different 
salinities, 0%, 4%, 8% 12 and 16% on annular regime are shown in Fig. 2 show a clear 
difference between the low salinity and the higher salinity. It is important employs low 
energy gamma-ray because the linear attenuation coefficients values of water and oil present 
major differences which allows differentiating between oil and water. 
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Figure 2. PHDs obtained by detector 1 at different salinities with pipe filled with water 

+ salt. 



INAC 2011, Belo Horizonte, MG, Brazil. 
 

2.1.4. ANN training data 
 

The first step in this investigation was the mathematical simulations, by means of MCNP-X 
code, in order to generate the training and test data sets for the ANN, shown in Fig. 1. The 
values of the thickness (rg, rw and ro, see Fig. 1), of each material had been varied, in the 
MCNP-X code, in order to generate diverse combinations of volume fractions of water (αw), 
gas (αg) and oil (αo). For each one of these combinations, which had been varied from 0% to 
100%, the relative counts from transmitted (IT) and scattered (IS) beams had been calculated. 
In addition, the salinity of formation water is typically up to 16% w/w (weight by weight 
salt/brine) for North Sea wells, whereas the seawater salinity is about 4% w/w [2]. This 
means that the salinity of produced water from the wells will lie in this range. Therefore, 
brine mixtures of 0%, 4%, 8%, 12% and 16% w/w NaCl and water were used to simulate the 
seawater for the mathematical models.  
 
Volume fractions that compose training, test and validation data sets are shown in Fig. 3, 
which presents a graphical representation called ternary4. The combinations of volume 
fractions of which compose each of data set were uniformly distributed throughout the search 
space represented on ternary. 
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Figure 3. Combinations of material volume fractions. 

 
 
 
In this study, the 285 training patterns (combination of the volume fractions of each material 
with different salinities) were distributed uniformly and manually throughout the search 
                                                 
4 A ternary graphically depicts the ratios of the three variables as positions in an equilateral triangle. It is used 
in petrology and other physical sciences to show the compositions of systems composed of three species. In a 
ternary plot, the proportions of the three variables gas, water and oil must sum to some constant is represented 
as 100%.  
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space. An evaluation of the trained ANN was made using 100 new patterns not used during 
the training phase, also generated by MCNP-X code. Furthermore, a second evaluation was 
made using 28 patterns varying both volume fraction and the salinity from 0% to 16.5% with 
steps de 0.5%, also not used during the training phase.  
 
Thus, a set of 528 (121x5) simulations for different combinations of MVFs and salinity on 
annular regime were made, in order to generate the training set of the ANNs (285 (57x5) 
simulations), test (115 (23x5) simulations) and validation (128 (20x5 + 28) simulations). The 
test set was used for stopping criteria: cross validation [10] in order to avoid over-training. 
The validation set is used for a final validation test after training of the ANN, simulating the 
operating phase.  
 
In this work, a 3-layer feed-forward multilayer perceptron (MLP) [9] has been used. The 

learning/training algorithm was the back-propagation algorithm [21]. The ANN inputs and 
outputs are given by:  
 
(i) ANN inputs5 (106 neurons):  

PHD1: 20 to 720 keV, with steps of 10 keV (C20, C30, ..., C720 – counts from channel 2 
to 72);  
PHD2: 20 to 360 keV, with steps of 10 keV (C20, C30, ..., C350 – counts from channel 2 
to 35).  

 
(ii) ANN outputs (2 neurons):  

H2O volume fraction; 
air volume fraction.  

 
Note that only two phases are used as ANN outputs. The third phase is obtained by 
complement. Such set of volume fractions used as ANN outputs has been empirically chosen, 
after investigating (by experimentation) all possible combinations (including the use of three 
volume fractions). 
 
It is important to mention that it is not possible to distinguish water volume fractions less than 
9% therefore these fractions not were used. 
 
 

3. METHODS APLICATION AND RESULTS 

 

3.1. Salinity Independent Volume Fractions Determination 
 
For illustrating the differences between the PHDs for each volume fraction (the different 
behavior between them can be noticed) some simulated transmitted (IT) and scattered (IS) 
beam measurements obtained by the detector 1 (D1) and 2 (D2) respectively for annular 
regime studied in two different volume fraction configurations and for two different 
salinities, which supplied the gamma-ray PHDs are shown in Fig. 4. The PHD had been 
classified in energy range of 20–800 keV.  
 
 
                                                 
5 The energy range choice of each PHD used in the training took into account the value of relative error (R) 
below 10% in the counts, percentage acceptable according to the MCNP-X manual. 
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Figure 4. PHDs gotten by MCNP-X code for beams: a) Transmitted (D1); b) Scattered 

(D2). 
 
 
 
The prediction for the test set of the annular regime is shown in Fig. 5, in which it can be 
observed that the ANN could adequately predict volume fractions even when water salinity is 
varied. Note the excellent agreement between the volume fractions of the actual and predicted 
by ANN showing the ability of generalization of the network. 
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Figure 5. Results obtained for the test set: a) air; b) water. 
 
The prediction in the 1st set of validation data (100 patterns) is shown in Fig. 6, indicating 
that the ANN could adequately predict salinity independent volume fractions. A good 
agreement between the volume fraction of the actual and predicted by ANN is observed, 
showing the ability of generalization of the network. 
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Figure 6. Results obtained for the validation 1 set: a) air; b) water. 
 
 
 

In Table 1, results obtained for the 2nd set of validation data (28 patterns) are presented. 
These satisfactory results confirmed the good performance of the trained ANN, especially for 
patterns not used during the learning process of network indicating that the ANN could 
adequately predict salinity independent volume fractions on annular regime. Important to 
remember that the working phase (or the use of the ANN), in which the trained ANN is used 
to respond to new (real-world) situations. This is an on-line phase and the ANN does not 
need the training set any more. 
 
Linear models were fit to the data from the correlation between the volume fraction of the 
actual and predicted by the ANN for all patterns relevant to annular model using a least-
squares procedure and linear correlation coefficients (r2) for the validation set were obtained 
and also average relative errors have been calculated. The relative errors for air and water 
respectively are: 0.52% and 1.28% for the training set; 1.83% and 6.19% for the test set; 
1.69% and 9.99% for the validation sets and 0.54% and 1.32% for all patterns. The results 
demonstrate a good convergence of ANN about all data set in MVFs prediction for regime 
studied. 
 
It was possible, due to the differences (behavior) found between the PHDs for each one of the 
brine mixtures of volume fractions, to design an ANN that resulted in good prediction for all 
the patterns submitted for a total of 528 data.  
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Table 1. ANN prediction for the validation 2 set on annular regime. 

 
air (%)  water (%)  oil (%) Pattern Salinity 

(%) Real ANN  Real ANN  Real Complement 
1 0.5 5 5.0  10 10.0  85 85.0 
2 1.0 5 4.7  20 22.4  75 72.9 
3 1.5 5 5.2  30 28.7  65 66.1 
4 2.0 5 5.1  40 45.3  55 49.6 
5 2.5 5 5.3  50 50.6  45 44.1 
6 3.0 5 5.1  60 65.9  35 28.9 
7 3.5 5 5.3  70 72.0  25 22.6 
8 4.5 5 5.2  80 84.8  15 10.0 
9 5.0 5 5.1  90 91.0  5 3.9 

10 5.5 15 14.7  10 13.6  75 71.7 
11 6.0 15 15.0  20 19.6  65 65.4 
12 6.5 15 14.9  30 36.1  55 49.0 
13 7.0 15 15.1  40 36.6  45 48.3 
14 7.5 15 15.0  50 48.9  35 36.1 
15 8.5 15 14.8  60 58.9  25 26.3 
16 9.0 15 14.2  70 70.3  15 15.5 
17 9.5 25 25.1  20 24.3  55 50.6 
18 10.0 25 25.5  40 40.8  35 33.6 
19 10.5 35 34.9  10 11.1  55 54.0 
20 11.0 35 34.7  30 29.9  35 35.4 
21 11.5 35 34.6  50 48.1  15 17.3 
22 12.5 35 34.0  60 61.5  5 4.5 
23 13.0 45 44.9  20 20.5  35 34.6 
24 13.5 45 45.4  40 39.1  15 15.6 
25 14.5 55 54.7  10 11.2  35 34.1 
26 15.0 55 55.2  30 26.4  15 18.4 
27 15.5 65 65.9  20 15.1  15 19.0 
28 16.5 75 74.3  10 9.0  15 16.7 

 
 
 

The ANNs performance of the MVFs prediction is summarized in Table 2. 
 
 
 

Table 2. Summary of pattern recognition for the prediction results. 
 

Error range air water 
≤ 5% 94.508 72.538 
5% - 10% 4.545 13.447 
10% - 20% 0.947 9.470 
20% - 30% 0 3.598 
> 30% 0 0.947 
r2 0.9999 0.9964 
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4. CONCLUSIONS 
 
This work was intended to investigate the behavior of a volume fraction prediction system 
applied to annular water-gas-oil multiphase flows under water salinity variations up to 16%. 
The proposed approach is based in PHDs pattern recognition by means of an ANN trained 
with data generated by MCNP-X code. To accomplish that, MCNP-X code based simulations 
of the detection system (geometry) has been made in such a way that it included adequate 
sensibility to water salinity variations and demonstrated to be quite robust to variations in 
water salinity. 
 
The results for all validation tests presented maximum average relative errors of 1.60% for air 
and 9.99% for water demonstrating good agreement between the actual and predict values of 
volume fractions. 85% of the test data were predicted with relative error within ±10%. The 
results are encouraging and indicate that the methodology can be used for the determination 
of volume fractions in annular water-gas-oil multiphase flows under water salinity variations 
up to 16%. 
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