
JOURNAL OF KUFA – PHYSICS, Vol.9, No.2 (2017) _  _____Amna M. Handhal 

56 

 

Synthesis of missing openhole well log data through artificial neural 

networks 

Amna M. Handhal 

Department of Geology, College of Science, University of Basra, Basra, Iraq 

Email: amhgeo@gmail.com 

Abstract: 

A methodology is presented for deducing missing intervals of well logs data through 

applying artificial neural networks (ANNs) models. Three ANNs were performed for 

synthesizing sonic, neutron, and density logs. An example from Mishrif Formation of Nasyria 

oil field in southern Iraq was used to reveal the capability of ANNs model to synthesis 

missing intervals for these logs. Basically, ANNs models developed in this study were based 

on commonly multilayer perceptron and trained with backpropagation algorithm. Two 

statistical errors, namely, root mean squared error and correlation of determination were 

employed to assess the accuracy of the ANN models. Results indicated the capability of 

ANNs model to recreation of missing well interval with high accuracy. 
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 تصنيع انمجساث انمفقودة نلآبار انمفتوحت باستخذاو تقنيت انشبكاث انعصبيت انصناعيت

 آمنت مال الله حنظم انكنعاني

 انجصزح، انجصزح، انعزاققسى عهى الارض، كهيخ انعهىو، جبيعخ 

 

 :انخلاصت

يزطزق انجحث انحبني انً اسزخذاو رقُيخ انشجكبد انعصجيخ انصُبعيخ نزىنيذ قيى يُحُيبد يجسبد الآثبر انًفقىدح 

يجسبد شبئعخ هي انًجس انصىري ويجس انكثبفخ ويجس انُيىرزوٌ. اخزيزد يعًبريخ انشجكخ انعصجيخ يٍ انُىع  خنثلاث

انًزعذد انطجقبد واخزجبرهب ثبسزخذاو طزيقخ اَسيبة انخطأ انً انخهف. ورقييى ادائيخ انشجكبد انعصجيخ انًصصًخ ثبسزخذاو 

ررجبط. اخزجزد انطزيقخ عهً احذي آثبر حقم انُبصزيخ في جُىة يعيبريٍ احصبئييٍ هًب يزثع يعذل انخطأ ويعبيم الا

انعزاق فجيُذ انُزبئج الايكبَيخ انكجيزح نهشجكبد انعصجيخ نزىنيذ قيى انًجسبد انًفززضخ. وخزجذ انذراسخ ثُزيجخ يفبدهب 

 .وسهىنخ رصًيًهب واخزجبرهبايكبَيخ اسزخذاو يثم هذِ انزقُيبد في يجبل جيىنىجيب انُفط في انعزاق ثسجت يزوَزهب انعبنيخ 

 .انشجكبد انعصجيخ انصُبعيخ، خىارسييخ الاَسيبة نهخهف، انًجسبد انجئزيخ، انعزاق انكهماث انمفتاحيت:

 

1. Introduction 

Reliable evaluation of petroleum 

reservoir requires reasonable knowledge of 

certain fundamental reservoir properties. 

Although the coring process is the main 

approach for acquiring data, informtion 

extracted by well log are mostly common 

used for determining the physical 

properties of the rock and pore fluid. They 

are convenient and economic if they are 
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compared with the very expensive coring 

process. Unfortunately, it is common for 

several wells in an oil field to have 

incomplete suits of well logs because a full 

set of logs was not carried out at the time 

when the well was logged, problems 

encountered in repeat logging, and 

inappropriate or bed conditions during the 

logging process (Saggaf and Nebrija, 

2003). Therefore, generating of synthesis 

well logs for those well intervals that are 

absent of incomplete is crucial task.  

Few authors tried to deduced missing 

well logs using data mining techniques, for 

example artificial neural networks and 

fuzzy logic models. Saggaf and Nebrija 

(2003) used regularized back-propagation 

neural networks to estimate the missing log 

values in wells with limited log suits. They 

concluded this method produces an 

accurate estimate that are significantly 

close to the measured values and that 

method could be an effective tool of 

enhancing the limited suits of well logs. 

Rolon et al. (2005) used ANN technique to 

re-creation of missing logs from data 

basically acquired from conventional well 

logs. Their main conclusion revealed the 

high accuracy of developed ANN models 

to generate missing well logs. On the other 

hand, Constantin (2007) proposed a 

methodology using ANN to synthesis 

missing sonic logs by studying the 

relationship between transient time (DT) 

and data of deep resistivity (Rt) and 

gamma ray (GR) logs. His study revealed 

the effectiveness of using ANN to generate 

DT log for those well having only the input 

curves of gamma ray and deep resistivity 

logs. Razaee et al. (2007) used ANN and 

fuzzy logic models to synthesis porosity 

logs (sonic, density, and neutron) and deep 

resistivity log. Their results revealed the 

high ability of these techniques to deduce 

missing intervals. They also build a simple 

average committee machine model through 

sum the output from single model and after 

assign appropriate weights for each 

individual model and the result 

demonstrated a significant improvement in 

the model accuracy. 

The main goal of this contribution is 

to use ANNs black box model to 

synthesize missing well logs and to apply 

this technique in the oil industry of Iraq in 

order to reduce the costs of exploration and 

management of oil filed across the whole 

country with fast and very cheap 

constructed models. 

 

2.  Artificial Neural Networks (ANNs)  

ANN is a computing system able to 

acquire, represent, and compute a mapping 

from one multivariate space of information 

to another, given a set of data representing 

that mapping (Garrett, 1994). The 

computing system is made up of a number 

of simple highly interconnected processing 

elements called node, that passes 

information by their dynamic state as a 

response to appropriate inputs. Because of 

this character, ANN can be used to 

approximate non-linear relationships 

giving sufficient data input and output with 

acceptable accuracy. Hence, ANN could be 

regarded as a universal approximators and 

this lead to use it in different fields of 

science and engineering with promising 

and very successful outcomes. Basically, 

many different types of ANN model were 

developed during the last few decades. The 

most commonly used was the Multilayer 

Perceptron (MLP) network (Lippman, 

1987). It is a feed-forward network 

(information passing in one direction) and 

typically trained using Backpropagation 

(BR) algorithm. Theoretically, this 

network is capable to approximate any 

function with a reasonable accuracy 
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(Hornik et al., 1989). Topologically, the 

network consists of layers of parallel 

processing called neurons that fully 

connected to each other by interconnect 

strength or weights, w (Fig. 1). The 

neurons in the first layer i (input layer) 

process and passes information after 

weighed them to the next layer through 

links. The connection between i
th

 and j
th

 

neurons is defined by the weight 

coefficient wij and the i
th

 neuron via the 

threshold coefficient i . The final output 

is calculated according to Haykin (1998): 

 ii fx     (1) 

With 



1

ij

jijii xw   (2) 

in which, 
 if 

 is the activation 

function.        

The BR algorithm update weights in 

the connections between layers by 

computing the error between the output of 

the network and target variable and 

propagating this backward through the 

network as:  

   1



 tW

w

E
tw ij

ij

ij 

 (3) 

where,  and   are the learning and 

momentum rates, respectively. 

A more detail description about BR 

is found in Fausett (1994) and Haykin 

(1998). 

 

Fig.1: A simple Multilayered perceptron 

network. 

  

3. The data used 

The data used in this study are 

collected form archive of South Oil 

Company (SOC) at Basra Governorate – 

Iraq in Mishrif Formation in Nasyria Oil 

Field. The main reservoir in this field is 

Mishrif Formation. Bellen et al. (1957) 

described this formation as a 

heterogeneous formation consists mainly 

of detrital limestones with beds of algal, 

rudist and coral-reef limestones. The 

average porosity and permeability of this 

formation are 22% and 23 md, 

respectively. For the purpose of this study, 

five exploration wells remarked as A, B, C, 

D and E were used. The available well logs 

for these five wells are Gamma ray (GR), 

sonic log (DT), density log (RHOB), 

neutron log (NPHI) and deep resistivity log 

(Rt). Logs of NPHI, DT, and RHOB were 

choose here for testing the methodology 

and similar method could be used for 

generation other logs accordingly. The A, 

B, C and D wells were used for training 

ANN models, while well E was used for 

testing phase. Table (1) shows the basic 

Input Layer

Hidden Layer

output Layer

Wij

Wkj

W: weight
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statistic for the used logs for both training 

and testing phases.   

Table 1: The basic statistic for the training 

and testing phases 

 
Statistic of training data 

set (A, B, C, and D wells) 

Logs Min. Max. Mean 

RHOB (gm/cm
3
) 1.81 2.77 2.36 

NPHI (%) 0.02 0.59 0.25 

DT (µs/ft) 52.00 150.00 76.48 

 
Statistic of testing data set 

(E well) 

Logs Min. Max. Mean 

RHOB (gm/cm
3
) 2.05 2.57 2.34 

NPHI (%) 0.13 0.47 0.24 

DT (µs/ft) 57.10 130.00 79.57 

 

4. Methodology 

Although the well logs for five wells 

used in this study are available, we assume 

that logs data of (E) well are not completed 

available and try to use the ANNs model 

on the existing data of other logs and 

available well logs of (E)) for predicting 

the assumed missing log of (E). The 

essential methodology for developing 

neural network models for synthesizing 

missing well logs is to train constructed 

models on the available borehole data. If 

the well logs data covers a reasonable part 

of the area and the data obtained are 

sufficient, the trained networks would have 

enough information to recognize and 

predict interpolate missing logs at locations 

close to the drilling area. Table 2 

demonstrates the appropriate inputs for 

synthesizing assumed missing well logs in 

well (E). 

 

 

 

Table 2: Inputs for synthesizing assumed 

missing well logs 

Predicted logs Inputs 

DT NPHI & RHOB 

NPHI DT & RHOB 

RHOB DT & NPHI 

To implement ANN models, a neural 

network toolbox in MATLAB R2015a was 

used in this study. To synthesis sonic, 

density, and neutron logs, three different 

ANN models were generated and tested. 

The raw data (well logs) were 

preprocessing and scaled into range [-1, 1] 

using Mapminmax function. After that, the 

scaled data were partitioned into three sets 

with 60/20/20 ratio; 60% of data for 

training, 20% for validation, and 20% for 

testing. The training data is primary 

utilized to extract information about the 

problem being solved, while validation set 

is used to ensure that there is no overfitting 

problem. The overfitting problem means 

that the error on the training set is seem to 

be very small but when new (unseen data) 

is presented to the network the error 

becomes large (Matlab use guide, 2008). 

An early stopping procedure was used here 

to avoid overfitting and improve the 

developed ANN models.  The last data, ie 

test data was used to provide an 

independent measure to test how well the 

training ANN model perform on data that 

never used to build it. The developed 

ANNs model in this study were trained 

using Levenberg-Marquardt technique as 

this technique is powerful and faster than 

the conventional gradient descent method 

(Hagan and Menhaj, 1994). The prediction 

accuracy of the ANN models was 

evaluated by using two statistical errors, 

namely, root mean squared error (RMSE) 

and correlation of determination (R
2
). The 

RMSE measures the residual variance and 

thus quantify the model error. The optimal 
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value of this statistics is 0, and calculated 

as:  

 



n

i

i xxRMSE
1

2
ˆ

2

1

  (4) 

where, x  and x̂  are the observed and 

predicted values, respectively, n is the total 

number of observations.  

In contrast, R
2
 measures the 

goodness of fit of the model; the optimal 

value is 1. It is defined as: 

SSy

SSE
R  12

    (5) 

where 

 



n

i
i xxSSE

1

2ˆ

   (5) 

 



n

i
i xxSSy

1

2

   (6) 

x = Mean of the measured values 

To improve and optimize the 

architecture and performance of the ANNs 

models, the number of hidden nodes and 

learning rate were changed many times 

(trial and error method) to minimize error 

between measured and predicted values 

depending on the error statistic measures 

RMSE and R
2
, Table 3 and Fig.3.  

 

Table 3: The best architecture and 

performance of ANNs designed for 

synthesizing well logs 

Predicted 

logs 

No. of 

hidden 

nodes 

Learning rate 

µ 

DT 45 0.001 

NPHI 35 0.005 

RHOB 40 0.001 

 

 

5. Results and Discussion 

Fig. 4 (a-c) show the correlation 

between measured and predicted values for 

sonic, neutron, and density logs of testing 

well E (Ns-5), respectively. The 

comparison between measured and 

predicted sonic, neutron and density curves 

for testing well too are shown in Fig. 5 (a-

c). Table 4 demonstrates the error statistics 

for the experiments and from figures 4 and 

5 and table 4 it can be seen that the ANNs 

technique were capable for generating 

missing wells logs successfully.  The error 

statistic strongly supports this statement. 

There is overestimation of some values of 

sonic log, Fig. 5 in the upper part of the 

curve; this may be, because only a small 

number of training patterns of low values 

are available.  The other curves (RHOB 

and NPHI) exhibit underestimation and 

overestimation too. This may be attributed 

to the several factors such as reservoir 

complexity, changes in mineral 

composition, changes in fluid content and 

inherent errors in model or in test data 

(Razeea et al., 2007). Generally, the 

predicted values for all cases have the 

same trend of measured one in low and 

high values. 

6. Conclusions and recommendation 

1. Multilayer Percpetron artificial 

neural networks are a very 

efficient technology for 

generating missing well logs 

data. It is robust and inexpensive, 

and requires only sufficient data 

for training and memorizes the 

pattern.  

2. Using of such technique in oil 

industry of Iraq could reduce the 

costs of management of oil field 

and enhance the opportunity of 

exploration and interpretation.  

3. Other artificial intelligence 

techniques such as fuzzy 

inference system and genetic 
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programming may offer a similar 

flexible means for solving 

problems faced in oil industry 

and recommended to use in 

future works. 

 

 

 
Fig. 3: The relationship between number 

of nodes and root mean square error for 

estimation of (a) sonic log (b) neutron log, 

and (c) density log. 

  

 

 

 
Fig. 4: correlation between logs values 

derived by ANN models and thus 

measured in the field (a) sonic (b) neutron 

and (c) density logs for testing period. 

  

Table 4: Evaluation of experiments results 

using error statistics (testing data set) 

Predicted 

log 

Error statistics 

RMSE R
2
 

Sonic 

(µs/ft) 
4.580 0.788 

Neutron 

(%) 
0.022 0.883 

Density 

(gm/cm
3
) 

0.049 0.703 
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Fig. 5: measured versus predicted curves for synthesized sonic, neutron, and density logs
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