
Chapter 9 
Conclusion and Recommendations 

The intension of the study was to develop a user friendly, fast responding software 

tool with the application of artificial intelligence in order to interpret the earth 

resistivity field measurements. The problem was addressed with the neural networks 

as the inversion tool. And the study was carried out in three sections to interpret the 

soil structure One dimensionally, Two dimensionally and Three dimensionally, to give 

different details on the earth structure for the user. 

It can be concluded that f()r the one dimensional inversion the neural networks 

perfonn promisingly. The network was first evaluated with theoretically generated 

field curves with parameters unknown at the stage of training. Noise added samples 

arc used in order to evaluate the degree of predictability for field data. The 

performance of curve type identification and parameter estimation was satisfactory on 

the theoretical curves with and without noise. 

In order to verify the network perfom1ance on the field data a cross calculation of an 

earth electrode was carried out. The theoretically calculated electrode resistance was 

424.421 .Q, while the measured electrode resistance was 452.0 I .Q. Since the 

electrode resistances closely match we can conclude that the neural network has 

classified and predicted the one dimensional earth parameters adequately. But in order 

to come to a thorough conclusion this type of similar tests must be performed in 

eli fferent sites or locations. 

There is no hard and fast rule for Neural Network architecture optimization. However 

different heuristics exist to guide the user through this highly random process. Going 

back to the results obtained in Chapter 8 it is evident that a pattem cannot be 

recognized during the different training sessions. That is it can be concluded that the 

optimizations process depends heavily on the application of interest. During the study 

period I experienced many factors which effected this random training. Some are the 

contents of the database, how the database is split to obtain the training, validation and 

test sets and preprocessing of data are some factors directly affecting the training 

performance ofthe network. Table 9.1 gives the finalized network architectures. 
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I Scenario 
---· . -----------

Input Hidden Output Finalized 

Nodes Nodes Nodes network Training 

Error I 
I 

f----·· -· 

I D Curve Identification 40 85,165 6 0.02 

I D Two layer parameter 40 25,24 
,.., 

0.0197 _) 

Estimation 

ID Three layer 40 100,260 5 0.0136 

parameter Estimation 

2D CASE 1 495 500,700 385 0.0018 

2D CASE 2 495 325,800 385 0.0009 

2D CASE 3 495 250,700 385 0.009 

I 3D Case 467 200,850 252 0.0536 
i -------

Table 9.1 -Summarized Network Optimization results 

Present proposed Neural Network based inversion it is completely automatic and the 

user docs not even have to supply a starting model. The data inversion takes less than 

a minute with an optimized well-trained network. 

The two dimensional and three dimensional studies arc carried out on theoretical 

validation ofthe network perfonnance. Noise is added to the synthetic models in order 

to resemble field data pattems. The closeness of the network output to the initial 

model is used to evaluate the neural network capability of inversion in the two 

dimensional and three dimensional cases. With the neural Network approach we 

cannot get smooth inversion result for the sub surface structure. However the block 

inversion or the cell based inversion gave satisfactory results when comparing with 

the commercial software's inversion results for the test data sets. In both the cases the 

anomaly is detected. 

Referring the two dimensional outputs, it is seen that when the shapes of the 

anomalous bodies in the test sets resemble the body shapes presented in training data 

the network output gave exact matches. In some cases the arbitrary complex shapes of 

the structures are approximated to shapes that are seen by the network earlier. 
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However with the above results it is evident that a Neural Network inversion with 

sharp boundaries (block based) gives comparably acceptable results. 

In two dimensional CASE I and CASE 2 the network performance on unseen data 

\\"as superior. This can be due to very low training error levels obtained with the 

optimum architectures. In the CASE 3 a three layer medium was considered. Here the 

neural netv,·ork output does not clearly show the sharp layer boundaries. However the 

results interpret a close resemblance to the initial synthetic model. 

The three dimensional study considered a two layer medium with an anomaly. Here 

the network performance was not as satisfactory as the one dimensional or the two 

dimensional cases. Nevertheless the output, though does not give an exact match 

detect the anomaly, and layer separation is also visible. This could be due to the 

training error of the optimized network architecture. Referring Table 9.1 it can be seen 

that the highest training error for the finalized network was obtained for the three 

dimensional study. 

Certain limitations and diHiculties aroused during the study, which these factors 

affected boundaries on the work to be carried out. For instance, the two dimensional 

study was done with a 56 multi electrode array and the three dimensional study was 

done with a 7 by 7 electrode f:,'Tid. No variation could be done to these electrode 

arrangements since the commercial software· s used tor the database generation did 

not facilitate these options. Many software's are available for the 20 and 30 

resistivity inversion problems. But most of such available software is distributed as 

demo versions only. These demo versions have limited access capabilities, for 

instance disabling the result saving options and limitations on electrode array 

modifications. So some extra time was spent on finding suitable software and with it 

several trial and error test runs were done to verify the usability and detcnnining the 

result saving formats. 

Also very long hours of training were spent on the optimization training processes. 

And I had to limit the model resolutions since it would cause more burdens on the 

training session time and even the total processing speed of the computer was 

observed diminishing. 
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Fw1hcr work is therefore desirable on harnessing the capabilities of the neural 

networks as a resistivity inversion tool. This can be done with varying the electrode 

grid sizes and model resolution. For this one would need good software tor the 

forward solution generation that is the generation of the database. 

If we consider the two dimensional study with 56 multi electrodes, if an automatic 

data acquisition unit is not available one would not be able to easily acquire 495 data 

points with a single electrode movement. In such a case data acquired at only some 

points also should let the user generate a 20 or 3D structure with ceriain accuracy. But 

with a neural network structure with a fixed number of inputs this cannot be achieved. 

Therefore studies with dynamic neural network models arc proposed to be carried out 

with unsupervised learning. 
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