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ABSTRACT: This paper presents diagnostic and prognostic analysis of oil and gas pipeline industries with allowable 

corrosion rate using artificial neural networks approach. The results revealed sand deposit, carbon dioxide (CO2) partial 

pressure, pipe age, diameter and length, temperature, flow velocity of the fluid, fluid pressure, chloride contents and pH 

value of its environment as the relevant parameters affecting corrosion of oil and gas pipeline in this region. Condition 

prediction of steel pipes used for the transmission of oil and gas varies 0.02 mm/yr to 0.10 mm/yr. The training of the 

neural network was performed using Levenberg-Marquardt algorithm and optimal regression coefficient was equal to 

0.99, for the network 10-40-1. Also, the results show a remarkable agreement with the field measurement. A corrosion 

severity level of two (0.01 mm/yr to 0.10 mm/yr) oil and gas pipelines was established from the analysis.  
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Crude oil and natural gas are versatile feedstock due to 

their applications in more diverse range of sectors than 

other energy sources, and this gas constitutes the 

cleanest burning fossil fuel. (Berdzenadze, 2015). The 

intermediate and end user’s applications of these two 

hydrocarbons includes production of gasoline, heating 

oil, diesel fuel, jet fuel, propane, asphalt and 

petrochemical feed stocks for manufacturing 

industries as well as domestic and commercial heating 

and electric generation (Roberge, 2008; Tawancy et 

al., 2013). Crude oil (petroleum) is usually extracted 

and associated with natural gas as a mixture of other 

impurities such as sulfur, nitrogen, oxygen, heavy 

metals and salt producing water (Roberge, 2008; Lusk 

et al., 2008). This mixture exists as a liquid with 

suspended solids in its underground geologic 

formations and remains liquid when brought to the 

well surface (Schweitzer, 2009). Hence, the mixture is 

separated at the well site for easy transportation of the 

petroleum and the crude gas to their various 

processing plants/refineries. A times the separated gas 

is flared as a waste; especially when its temporal 

storage and transportation facilities are limited or not 

available. Natural gas is sourced as non-associated gas 

from dry gas wells, wet gas from condensate wells and 

coal bed methane from coal seams (Woldeyohannes 

and Majid, 2011). Although pipelines, trucks, tankers 

and barges constitute the major means of transporting 

processed petroleum and natural gas products, 

pipelines is the safest and most economical, 

irrespective of the terrains and distance involved 

(Achebe et al,. 2012; Tawancy et al., 2013). In 

addition, pipeline is the only means of conveying 

crude oil and gas from the hole to the wellhead during 

the extraction and to the gathering/separation point at 

the well site. Pipelines used in oil and gas sector can 

be made of metallic alloys or plastics but carbon steel 

pipes remains the best means of transporting oil and 

gas due to its favourable thermo-mechanical 

properties. However, apart from design/structural, 

limitations and mechanical damages that are 

avoidable, carbon steel pipes used in oil and gas sector 

are prone to corrosion, which is apparently impossible 

to prevent due to prevailing aqueous environment of 

this sector. Corrosion is a destructive attack on metals 

by chemical, electrochemical or microbial reaction 

with its environment, which impairs structural 

integrity or load carrying capacity of the structure 

made from them (Revie, and Uhlig, 2008; Rajput, 

2010a) . Hence, Nyborg, (2009) labeled corrosion as a 

natural potential hazard associated with oil and gas 

production and transportation facilities. Unexpected 

pipe failure resulting to accident, waste of products, 

environmental pollution, and high 

maintenance/production cost due to down time 

constitutes direct effect of oil and gas pipeline 

corrosion. Thus, various means of appraisal and 

prediction of corrosion mechanisms/rate in oil and gas 

pipeline such as inspection, monitoring and computer 

modeling techniques are highly valued even though 
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forensic evaluations/mitigation method (coating-

painting and cathodic protection) remains an integral 

part of combating this menace. Although inspections 

and monitoring using high-resolution magnetic flux, 

sensors or ultrasonic tools can provide valuable 

information regarding past and present exposure 

conditions, both methods can neither predict the 

remaining life of the pipe nor provide in-depth 

evaluation of mechanisms of corrosion growth directly 

except computer models/simulations (Rajput, 2010a; 

Hallen et al., 2002; Mohitpour et al., 2007; Giulia et 

al., 2014). However, unexpected pipe failure and high 

maintenance cost resulting from replacement of pipes 

that are not due for replacement still persists in this 

energy sector especially in Nigeria even though the oil 

and gas companies in this country uses computer 

simulation in the analyzing and management of 

pipeline corrosion. This is because the modified De-

Waard based simulation used by most Nigerian oil and 

gas companies that were developed did not account for 

all relevant variables influencing corrosion of oil and 

gas pipeline in this country. DeWaard and Milliams, 

(1975), modeled rate of oil and gas pipeline corrosion 

as a function of temperature and CO2 partial pressure 

that was later improved to accounts for flow velocity 

and diameter of pipe by DeWaard and Lotz, (1995). 

Nevertheless, the works of Nesic et al. (2005); Norsok, 

(2005); Netto et al. (2005); Keeper, (2014); Iyasele 

and Ntunde, (2016) indicated pipe age and length, 

sand flow, fluid pressure, density and viscosity, 

environmental pH value and chloride content the 

relevant parameters in oil and gas pipeline corrosion. 

Hence, the perpetual waste of products and 

environmental degradation as well as accident/loss life 

due to unexpected/sudden oil and gas pipeline failure 

in this country. It is therefore of economic sense that 

this study re-examines the significant of these factors 

in the initiation and development oil and gas pipeline 

corrosion process using artificial neural network 

technique because (Bassam et al., 2009) revealed that 

this technique provides the best/tightest model fit for 

this type of complex nonlinear system process than 

regression methods.  

 

MATERIALS AND METHODS 
Process raw field data of forty oil and gas transmission 

pipelines used by six oil and gas companies for 

offshore applications at different oil and gas fields 

located in Niger Delta region of Nigeria were sampled 

in this investigation. The oil and gas pipes selected are 

those whose companies’ documentation tallies with 

their experimental data and statistical analysis 

revealed insignificant data outliers.  The process and 

process predictor variable of the transmission pipes 

investigated include  pipeline composition 

characteristic and fluid density, viscosity, pipe age, 

diameter and length, temperature, CO2 partial 

pressure, flow velocity of the fluid and sand flow 

deposit, fluid pressure, environmental pH and chloride 

content while corrosion rate constitutes the response. 

The companies’ records as per each pipeline selected 

were verified with experimental corrosion 

measurement of  the pipes’ parameters using magnetic 

flux leakage (MFL) inspection, remotely operated 

Vehicle (ROV), high-resolution magnetic flux, 

ultrasonic thickness measurement and routine well 

inspection/monitoring techniques. 

 

The data collected were divided into two different sets 

of twenty and twenty pipes for the development and 

confirmation of artificial neural network model as well 

as also for its multiphase interactions analysis used for 

the prediction of corrosion rate. The data were first 

normalized/scaled between -1 and 1, transformed 

logarithmically using Eqn. (1) and tested for 

significance and variance in order to remove outliers 

using cook’s distance/principal component analysis 

before applying them for the artificial neural network 

modeling.   

 

�� = log (	� + 0.00001)           (1) 

 

Where�� and 	� constitutes transformed and raw data 

respectively and 0.00001 accounts for errors that may 

occur when reversing the output to actual corrosion 

rate in mm/year by taking the antilog of the neural 

network function. Cook’s distance was computed from 

the relation given by Khamis, (2005) as; 

 

��(�) =  ∑ ������������
���   (2) 

 

Where,��(�)  is the Cook distance, n is the number of 

coefficients in the regression model,��  is the jth fitted 

response value,���is the jth fitted response value minus 

ith observation and MSE is the mean square error. An 

outlier is a datum whose cook’s distance is three times 

more than the mean cook’s distance of the data set.  

 

The neural network model used for the empirical 

evaluation of factors affecting corrosion of oil and gas 

transmission pipes was developed and analyzed using 

MATLAB2014b. The neural network architecture 

design (Fig. 1) which involves 51 layers of neurons 

with ten inputs, one hidden and one-output layers, 

applies number of neurons, n x 10 matrix weight, W 

of the input parameters, Ip with n x 1 matrix of bias, b 

in determining the output corrosion rate using Eqn. 

(3).  This network architecture was designed to use 

feed forward and back propagation training algorithms 



Diagnostic and Prognostic Analysis of…..                                                                                                          929 

 

OBASEKI, M 

(Fig. 2) for generating and comparing predictions with 

given/target actual corrosion measurement by 

backtracking and adjusting the weights until the 

highest possible correlation between the input and the 

target data were obtained before fitting an optimal 

ANN function for oil and gas pipeline corrosion rate . 

 

CR = #�$%& + '�     (3) 

 

The transfer or activation function f was determined 

and confirmed using Levenberg Marquardt (LM) and 

Bayesian Regularization (BR) algorithms 

respectively. In addition to correlation coefficient (R), 

root mean square error (RMSE), mean absolute error 

(MAE) and scatter index (SI) were also applied in the 

testing of prediction adequacy of the fitted neural 

network model (Eqn. 4-7) before its experimental 

confirmation and multiphase interactions analysis of 

the level of contribution of its predictors to the 

response. 

 

 
Fig 1: Developed function fitting neural network architecture of oil 

and gas pipeline 

 

 
Fig. 2: Training the neural network flow chart of oil and gas 

pipeline rate of corrosion 

 

	 =  ∑ ((��())*�+, (&��&̅)
.∑ ((��())�*�+, ∑ (&��&̅)�*�+,

   (4) 

	/01 =  .∑ ((��&�)�*�+,
2       (5) 

/31 =  ∑ |(��&�|*�+,
2        (6) 

0% =  5���
&̅                       (7) 

 

Where a7, a), p7, p) 7 and N constitute actual corrosion 

rate of ith pipe, mean actual corrosion rate, predicted 

corrosion rate of ith pipe, mean predicted corrosion 

rate and number of pipes. 

 

RESULTS AND DISCUSSION 
The raw measured datasets of pipes sampled for the 

development and confirmation of the artificial neural 

network (ANN) model used for the multiphase 

interactions analysis of factors affecting corrosion of 

the pipes are shown in Table 1 and Table 2 

respectively. Residual diagnostic analysis of the above 

measured data sets revealed that the transformed data 

were much flatter than the raw data (Fig. 3) and less 

than 0.1% outliers per 10 x 40 data points in each set 

(Fig. 4) while principal component analysis (Fig. 5) 

shows over 95% viability of the data in each set. Since 

the measured data are viable and outliers (less than 

5%) in each set are insignificant, the data sets are 

adequate for prediction and analysis of corrosion rate 

of oil and gas transmission pipes. 

 

The optimal function fitting neural network 

architecture developed from this data set is shown in 

Fig. 1 while Eqn. 8 constitutes the model generated 

from it for prediction and interactions analysis of 

corrosion of steel pipes used for oil and gas 

transmission. Statistically analysis of this neural 

network model using Levenberg Marquardt (LM) and 

Bayesian Regularization (BR) algorithms (Fig. 6), 

regression and training (Fig. 7) plots revealed 0.99903 

by training the artificial neural network, which 

indicates a very good coincidence with the actual 

results.  In addition to the regression coefficient, a 

diagram of best validation performance is obtained, 

which is shown in figure 8. The figure shows that the 

best validation performance is for iteration 4 and it is 

0.028287; the training continued for 3 more iterations 

before the training stopped. The errors representing 

the difference between targets and outputs are 

obtained after training the neural network, and they are 

given in figure 8. In addition, its error histogram (Fig. 

8) portrays the requisite dumb-bell shape indicating 

that errors associated with this model are evenly 

distributed. The error histogram shows that there is a 

slightest deviation between the predicted and actual 

values and it is 0.00065.  
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Table 1: Field data used for developing ANN function of oil and gas transmission pipes 

 
 

Table 2: Field data used for confirmation of the developed ANN model of the pipes 

 
 

In addition, the confirmatory test plot (Fig. 9) which 

compared the developed ANN model prediction and 

the actual corrosion rate of second set of twenty 

pipelines (Table 2) shows that the model fitted this 

response (corrosion rate) adequately with over 99% 

accuracy which is above the acceptable 95% 

prediction capability. It is also apparent from this 

figure that the developed ANN model predictions and 

the actual corrosion rates are greater than the 

predictions of some modified/ tradional-based 

simulation used by most Nigerian oil and gas 

companies. Thus, the inadequate prediction of oil and 

gas pipeline corrosion rate resulting to incessant 

unexpected pipeline failure in Nigerian energy sector. 

The localized corrosion effect of multiphase flow 

interaction of both parameters with other factors is 

obvious in contour and surface plots (Fig. 10) of their 

effect on pipeline corrosion rate. The yellow-pink red- 

regions of plots indicate the ascending severity order 

of the localized attack on the pipes due multiphase 

flow interaction of the factors. Thus, effects of sand 

flow deposit and pipe diameter on oil and gas pipeline 

corrosion cannot be set aside because this observation 

is in agreement with (Keeper, 2014; Arasilangkumari, 

2014; IIman and Kus, 2014), which revealed that 

localized corrosion causes unexpected pipe failure 

than uniform corrosion. 
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Fig. 3: Raw and transformed data plots 

 

 
Fig. 4: Cook’s distance and case order plots of transformed data 

 

   
Fig. 5: Principal component analysis of the data 

 

:;<==<>?<@ =ABC D = C�E(#F:GC?HℎB>D:?@EJB>D + :'?A>DK)  (8)    
 

Since this analysis confirmed that these factors are 

significant in the initiation and development of 

corrosion process in oil and gas pipeline and that the 

modified based simulation used by most Nigerian oil 

and gas companies did not account for some of these 

factors, it is therefore of economic and technical/safety 

sense that the ANN model developed is adopted for to 

enable effective management of corrosion in Nigerian 

oil and gas sector.  

 

Severity level analysis: Prediction of corrosion rate is 

necessary in the oil and gas industries, as it is required 

when designing and installing pipes. For a pipe to be 

designed and install appropriate corrosion allowance 

has to be determined and added in the design 

processes. The expected corrosion rates are also 

required to determine the cost of maintenance and the 

overall cost of installation. Corrosion per year is also 

very important in risk determination. To reduce cost 

and prolong the service life of pipes, the predicted 

corrosion rate must be as accurate as possible so that 

appropriate allowances for it can be determined. This 

will also aid proper analysis of corrosion failure and 

hence appropriate design. 
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Fig. 6: Levenberg Marquardt and Bayesian Regularization algorithm for the ANN model  

 

 
Fig. 7: Training, test and validation regression plots of the developed ANN model-predicting rate of corrosion 

 

 
Fig. 8: Validation performance and Error histogram Analysis plots of the developed ANN model 

 

The Institute of energy Technology, Norway in 2009 

published industrial pipe corrosion rate prediction 

guidelines (Nyborg, 2009). It states that corrosion 

changes with the operation condition of the pipes. 

Conditions such as fluid properties, surrounding, and 

flow regime are not stagnant, and as such the input 

parameters for prediction of corrosion rates cannot be 

determined with certainty. Based on this, the institute 

set up Severity level for corrosion. The severity level 

represents the level of risk of failure of the pipe if 

corrosion gets to a particular magnitude. The institute 

places the severity level values from 1–5, where 5 

represent a very severe corrosion rate and must not be 

allowed in oil and gas industries. The Severity Level 

(Nyborg, 2009) is calculated as follows; 

 

Severity Level = 1 ≤ :Log(corrosion rate) +D
≤ 5  (9) 

 

Where the corrosion rate is in mm/year. The table 3 

shows the corrosion rate and the severity level. 
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Fig. 9: Experimental confirmation of the developed ANN model 

 

 
Fig. 10: Contour and surface plots of pipe diameter and sand flow interaction on oil and gas Pipeline corrosion 

 
Table 3: Corrosion Severity Level 

Corrosion Rate (mm/yr) Severity Level 

0.00 -  0.01 1 

0.01 – 0.10  2 

0.10 – 1.00 3 

 – 10.0 4 

>10.0 5 

 

From the table 3 it is clear that the institute states that 

corrosion rate above 10 mm/year is most severe and 

can lead to pipe failure. However, the study shows 

significant understanding of the institute of energy 

technology that entire pipe data obtained from the 

Niger Delta area for this study depicts corrosion rate 

of 0.02-0.24mm/year. This allowable limit of 

corrosion rate in Niger Delta corresponds to severity 

level of 2. Thus in Niger Delta region, corrosion rate 

with severity level of 2 is considered severe from the 

analysis. A remarkably good level of agreement was 

found between rate of corrosion predicted using this 

method and actual (field) corrosion measurements. 

 

Conclusion: This study confirmed a ten parameters 

condition prediction model with the relevant 

parameters affecting corrosion of oil and gas pipeline 

in Niger Delta region of Nigeria. The results obtained 

training the neural network for the rate of corrosion 

show good coincidence with actual value 

(experimental). Also, the analysis shows the level of 

severity in the oil and gas industries with respect to the 

institute of energy technology standard Norway. The 

use of ANN model developed in this study is therefore 

recommended for pipeline engineers to eliminate 

perpetual waste of products and environmental 

degradation as well as loss life associated with oil and 

gas pipeline in the region.  
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