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Abstract
     The amount of total organic carbon (TOC) is one of the most important parameter in evaluating hydrocarbon source rock. 
This parameter is not only used for hydrocarbon geochemical studies but also plays an important role in evaluating the exten--
sion of hydrocarbon source rock. As the increase in TOC may indicate the presence of source rock, the depletion of TOC reveals 
no extension of source rock in a certain depth. Therefore the need for a powerful tool in this aspect is essential. One of the linear 

to estimate.
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This paper presents the features and framework for application of neural network in estimating TOC for hydrocarbon source 

The results of this study reveal that Multi-Layer Perception (MLP) is the optimum network which was used for TOC estima--
tion. MLP topology was a hidden layer with 6 nodes, back propagation momentum learning algorithm and tangent activation 
function. After training is completed, the estimated error calculated as 0.0013, and then the network performance was tested 
upon training and testing data. Ultimately the predicted TOC values were compared with the actual one which showed a reliable 
network performance (R=0.9956). Finally the sensitivity analysis was attempted on effective parameters and based on neutron 
porosity parameter (NPHI) found to be as the most sensitive, and the sonic travel time (DT), the least sensitive parameters in 
estimating TOC
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MSE versus Epoch

Epoch

M
SE

Epoch # 2500 2500

Minimum MSE 0.00131413 0.001377469

Final MSE 0.00131413 0.001377469

Desired Output and Actual Network Output

Exemplar

O
ut

pu
t

MSE 0.011282651

NMSE 0.011526439

MAE 0.073301315

Min Abs Error 0.000466179

Max Abs Error 0.523127883

r 0.994305079

TOC 



Desired Output and Actual Network Output

Exemplar

O
ut

pu
t MSE 0.01182999

NMSE 0.012386572

MAE 0.077750994

Min Abs Error 0.000157302

Max Abs 

Error 0.347118046

r 0.993846439

Desired Output and Actual Network Output

Exemplar

O
ut

pu
t

MSE 0.009730293

NMSE 0.009009272

MAE 0.072478998

Min Abs Error 0.001607422

Max Abs Error 0.369012213

r 0.995660465

Se
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ty

Input Name

Sensitivity About the Mean

depth 0.011289302

ILD 0.011570571

ILM 0.000382181

SGR 0.004458831

ROHB 0.187768965

NPHI 1.120064278

DT 0
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Network Output(s) for Varied Input DT
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