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3.2. Quick and brittle clay occurrence 

3.2.1. Dataset considerations 
This dataset presents three main challenges for 

interpreting the occurrence of quick and brittle clays. 

First, as with most other sites there is an imperfect 

relationship between remolded shear strength of clay and 

resistivity (Fig. 5). This is likely because marine clays 

can have an elevated resistivity both because of leached 

salts or a mix with silt and sand [11].  

Second, the AEM-derived resistivity model has 

several weaknesses. The model layers range between 1.0 

and 8.7 m thickness in the upper 40 m of the model. 

These resistivity values represent an estimate of 

volumetric average resistivity of these large blocks, a 

much coarser spatial resolution than the lab 

measurements (10 cm slugs) and geotechnical drillings 

(recorded at 2.5 cm intervals). The model smooths out 

sharp changes in resistivity, causing distortions near 

boundaries between material types, especially at the 

sediment-bedrock interface. This explains why some lab 

samples have a corresponding resistivity of over 1000 

Ωm (Fig. 5) even though quick and brittle material 

normally has resistivities of between 8 and 100 Ωm in 

Norway [15,16]. Plotting the vertical resistivity gradient 

reveals how smoothing causes some of these distortions 

(Fig.  6A and B).  

Lastly, the datasets sample very different ranges. Lab 

samples were taken almost exclusively in clay (>99%). 

The AEM survey in contrast samples a large volume 

containing multiple sediment types. Hence the range of 

resistivities covered by the lab samples (Fig.  6A) does 

not span the range of values seen in the full resistivity 

model (Fig. 6C). Therefore the drillings, which sampled 

sediment types other than clay, are the better traning data 

set with respect to extracting quick clay information from 

AEM models despite being less direct than lab samples. 

3.2.2. Classifier setup 
We use a two step process to compute the probability 

of quick clay occurrence throughout the surveyed area. 

First, we classify the geotechnical drilling data using co-

located lab samples as training data. Second, we use that 

interpretation of the drillings as input training data to 

classify the AEM-based resistivity model.  

For the geotechnical drilling classifier, we test two 

different versions of the interpreter. The first "General" 

classifier focuses on using the general physics of the 

problem in such a way that it may be adaptable to other 

sites. It uses three attributes: 

• Feed force (N),  

• Vertical gradient (slope) of the feed force 

(N/m), and  

• Depth-normalized feed-force (N/m).  

Fig. 4: Example rotary pressure sounding data showing some typical 
features of the data: A) small, temporary dips in feed force when new 
drill stems are added; B) feed force between rods stems shows small 
scale trends ( often increasing in this case) that differ from larger scale 
trends (often flat); C) a sudden drop in feed force after which feed 
force does not return to normal again. 
 

Fig. 5: Scatter plot of resistivity extracted from the AEM-derived re-
sistivity model and remolded shear strength as measured in a labora-
tory.  
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From sample to 3D volume 

3. Method  

3.1. Bedrock topography  
The first step in mapping quick clay occurrence is to 

split the resistivity model into sediment and bedrock. We 
use an artificial neural network (ANN) that extracts 
bedrock topography from the geophysical model by 

using existing geotechnical soundings as training data. It 
is based on multi-layer perceptron regression and is 
implemented in the "scikit-learn" Python package [14]. 
We have extensively tested this method in this particular 
field site before and refer readers to those publications for 
more detailed results [9]. Using this bedrock surface, we 
then eliminate portion of the resistivity model below 
bedrock from consideration in later classification. A 
portion of this bedrock model is shown in Fig. 3. 

Fig. 3: Three-dimensional view of some of the data and modeling outputs just west of the river Uåa, including vertical cross sections throug the 
AEM-derived resistivity model and the bedrock model (black and gray). Panel B also shows portions of the resistivity model in the foreground 
where the probability of brittle clay is very high. 
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Recall of predictions 

A second classifier, refered to herein as the 
"Coordinates" classifier,  uses more site-specific 
information by including four additional attributes:  

• X-coordinate (Easting),  
• Y-coordinate (Northing), 
•  Z coordinate (elevation), and  
• Depth.  

Depth is not used directly in the "General" classifier 
for this classifier because at this specific site, a large 
portion of brittle and quick material is 20-40 m depth at 
this field site, leading to an underestimation of quick clay 
at many locations where it is more shallow. Using depth-
normalized feed-force is still needed in order to detect 
phenomena like a dry crust, where quick clay is highly 
unlikely to occur in the uppermost meters. Rather than 
raw values, the averages over a window of several meters 
are used. This is to account for noise from, among other 
things, the sudden loss of feed force every 2 m when a 
new drill stem segment is added.  

The resistivity model classifier uses eight attributes:  
• Resistivity  and vertical derivatives 
• X-coordinate (Easting),  
• Y-coordinate (Northing), 
• Z coordinate (elevation), and  

• Depth.  
• Elevation of surface topography 

While "quick" and "brittle" can be considered separate 
classes in some applications, geotechnical engineers in 
Norway will often prioritize either material type for 
further investigation. Hence, we group these into a single 
"brittle" class throughout the rest of this paper. The 
geotechnical drillings classification thus becomes a two-
class "brittle/non-brittle" problem. In case of the 
resistivity classification, some inputs have an unknown 
class, so the problem becomes a three-class "brittle/non-
brittle/ambiguous" problem.  

We experiment with several classifiers, including 
random forest, artificial neural networks, support vector 
classifiers, and Gaussian processes. We settled on 
random forest classifiers as our preferred method since of 
all the methods tested in this study,  it generally yielded 
the best results. In addition to outputing most likely class, 
this classifier estimates the probability for each class. 
This is based on fraction of "trees" within the random 
forest have output have a certain label 

Fig. 7: Performance metrics of the geotechnical sounding classifiers. Values shown are the median value of the 50 trials performed 
for each number of training data tested. 

Fig.  6: Scatter plots showing the spread of resistivity and resistivity gradient values in the three datasets. 

 

5. Discussion 
While these results show that, at the aggregate level, 

there are weaknesses in this method, we see two major 
strengths. First, the probability estimates allows one, 
even in an early project phase, to eliminate zones where 
brittle clay is unlikely, to confirm where it is very likely, 
and to indicate where there is a high degree of 
uncertainty. These are all helpful insight in planning 
follow-up site investigation. Second, this method's 
performance increases markedly with new training data. 
Being an automated method, these interpretations can be 
easily and quickly updated over a project's lifetime.  

In addition, it is important to note that the evaluation 
procedure underestimates the potential utility of the 
method. The large error bars in Fig.  11 suggest that some 
sets of training data are better than others. These sets 
were randomly chosen in this case, but in a real world 
project, one would be more strategic by acquiring new 
data where there is the greatest need for it. Further work 
is needed to understand what an optimal strategy for 
selecting new locations might be.  

Based on our results, we forsee the following potential 
workflow for assessing brittle clay occurrence in a real-
world project: 

1. The General classifier is used on early 
geotechnical drillings to interpret soil type, 
with the output quality controlled by an 
expert  

2. Those interpretations act as training data for 
the resistivity model classifier 

3. Areas of probable brittle material and of 
higher uncertainty are prioritized for follow-
up drilling and soil sampling 

4. The geotechnical drilling classification 
gradually switches to the Coordinates 
classifier as more lab data becomes available 

5. Interpretation of the resistivity model is 
continuously updated as new borehole and 
lab become available 

However, there are still some unanswered questions 
regarding the performance of our method. For one, while 
the classifiers used do make errors, the more important 
question to ask is whether the output is an improvement 
over manual interpretations by an expert. Interpreting 
several hundred geotechnical soundings manually is a 
time-consuming process but is an important baseline. 
Second, though we expect that the General geotechnical 
sounding classifier would perform just as well at other 
sites, this should be confirmed by testing it at other sites.  

In addition to these new evaluation procedures, we see 
a number of methodogical improvements to consider. In 
the case of the geotechnical sounding interpretation, 
better pre-processing is warranted to minimize the effect 
of drill stem changes and large, sudden losses in feed 
force. Second, rather than using statistics over a single 
window length, using a convoluted neural network may 
help with improving the detection of material boundaries. 
Lastly, more non-clay training points should be added. 
As the AEM data covers regions that are not only clay, 
this addition would allow for an increase in the general 
utility of this method. 

In the case of the resistivity model classification, a 
generalized classifier that only uses geophysical 
attributes should be considered. While we hypothesize 
that the overall accuracy would be poorer than that our 
existing, site-specific one that uses spatial coordinates, it 

Fig.  11: Performance metrics of the resistivity model classifiers. Values shown are the median value of the 50 trials performed for each number of 
training data tested. Error bars indicate the standard deviation. 

Fig.  12: Distribution of probability estimates, seperated based 
on the true class. 
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Background data 
§  Boreholes from national 

database (268)
§  Manually Interpreted 

boreholes (28)
§  Mapped outcrops (23)
§  Sediment maps



Bedrock model   
§  Artificial Neural Network-

based workflow 
§  Inputs:

─  Resistivity model
─  Boreholes 
─  Outcrops
─  Manual training points

§  Triangulated bedrock 
model 
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Limitations (?) 

§  Petrophysics need to be 
robust

§  Training data (soundings & 
samples) needs to be 
sufficient

§  Models need to be “clean” – 
not influenced by data issues 
or infrastructure
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