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Impact of CPT Feature Selection on Random Forest 
Performance for Soil Behavior Type Classification

Ivanka Lee

Abstract	� Accurate soil classification is essential for safe and economical geotechnical design such as in foun-
dation selection, slope stabilization, and earthwork construction. Cone penetration testing (CPT) 
provides continuous resistance profiles, but conventional Soil Behavior Type (SBT) charts can be am-
biguous near class boundaries. This study evaluates how progressive input feature sets affect a hyper-
parameter-optimized Random Forest classifier for normalized SBT (SBTn) prediction. A public data-
set of 1,010,153 cleaned CPT datapoints from Austria and southern Germany was stratified, sampled, 
and divided into training and test subsets. Four feature sets were compared using accuracy, macro-av-
eraged F1-score, and confusion matrices. The baseline set of depth, cone resistance qc, and sleeve 
friction fs achieved an accuracy of 0.9554 and a macro-averaged F1-score of 0.9397. Adding friction 
ratio Rf improved accuracy and macro-averaged F1-score metrics to 0.9648 and 0.9544 respective-
ly. Adding the soil behavior type index Ic produced the best performing results with an accuracy of 
0.9923 and a macro-averaged F1-score of 0.9845. However, Ic is calculated from the same normalized 
parameters used to assign SBTn labels. Feature sets that only use measured or simply derived quanti-
ties, such as depth, qc, fs, and Rf  aremore informative for models trained on raw CPT measurements. 
Lastly, adding explicit overburden stresses provided no further improvement. The outcome of this 
study recommends a feature combination of depth, qc, fs, Rf, and Ic to assign Robertson SBTn classes 
automatically when Ic is already available. For the purposes of predicting soil classes from raw CPT 
measurements without Ic, this study recommends the feature combination of depth, qc, fs, and Rf.

Introduction
Reliable soil classification is fundamental to geotechnical 
engineering because soil strength, stiffness, permeabili-
ty, and deformation behavior govern the performance of 
foundations, embankments, retaining structures, and tun-

nels. Misclassification can produce unsafe or unnecessar-
ily conservative designs, increase construction costs, and 
leave infrastructure
vulnerable to settlement, liquefaction, and slope failure 
(Lunne et al. 1997; Robertson 2009). The 2014 Oso land-
slide, shown in Figure 1, illustrates the scale of damage 
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that can accompany soil and slope instability (USGS 
2014). Although CPT-based classification does not replace 
a complete site investigation, continuous subsurface pro-

files can reduce uncertainty and support more defensible 
engineering decisions.

Figure 1. Oblique aerial view of the 2014 Oso landslide in Washington State, illustrating the scale of soil-slope 
failure and infrastructure exposure. (USGS 2014)

In regions of Austria and southern Germany, the soil is 
primarily shaped by the Quaternary glaciation. This caus-
es thick sequences of fine-grained lacustrine and fluvial 
sediment to be deposited in basins. Such basins include 
the Vienna Basin, Gastein Valley, and other Alpine fore-
land and intramontane basins (Oberhollenzer et al. 2021). 
As a result, the stratigraphy of the region is highly vari-
able as it consists of interlayered clays, silts, sands, and 
gravels. Therefore, reliable and continuous soil classifi-
cation is particularly valuable for engineering projects in 
these geological settings.
Traditional Approaches for Soil Classification. Laborato-
ry-based systems, such as the Unified Soil Classification 
System and the European standard EN ISO 14688, classi-
fy soils according to grain-size distribution and plasticity 
characteristics (ASTM 2017). While these
methods are accurate when high-quality samples are avail-
able, such methods require
laboratory testing. Such work may be time-consuming 
and expensive, especially when continuous site character-
ization is necessary. Alternatively, in-situ methods, such 
as the Standard Penetration Test, are still widely used but 
offer relatively low resolution. Other methods such as 
geophysical techniques can cover large areas but generally 

lack the local mechanical detail needed for foundation de-
sign. Hence, the Cone Penetration Test (CPT) was chosen 
for this study as it is an informative and suitable in-situ 
tool for this study that produces near-continuous profiles 
of penetration resistance with depth (Lunne et al. 1997).

Figure 2. Robertson SBT classification non-normalized 
chart (Bosch and Sotelo 2015; Robertson et al. 1986)

While the original non-normalized SBT classification 
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system had 12 classes, Robertson later introduced a nor-
malized type, abbreviated as SBTn, which considers over-
burden stress and reduces the number of classes to nine as 

seen in Figure 3 (Robertson 1990; Robertson 2010; Rob-
ertson 2016).

Figure 3. Robertson SBT normalized chart (Robertson 1990)
Normalized parameters improve consistency with depth 
and are now widely used in practice. The nine SBTn zone 
descriptions are the following: sensitive fine-grained, 
clay-organic soil, clays, silt mixtures, sand mixtures, 
sands, dense sand to gravelly sand, stiff sand to clayey 
sand, and stiff fine-grained. SBTn classes 8 and 9 are 

overconsolidated or cemented, meaning the soil is signifi-
cantly stiffer and stronger than a normally consolidated 
soil of the same
composition (Choo et al. 2018). A more detailed descrip-
tion and numerical assignment of the SBTn classes are 
shown in Table 1.

Table 1. Normalized Soil Behavior Type (SBTn) classes (Robertson 2010, 2016)

SBTn Classes SBT description

1 Sensitive fine-grained

2 Clay-organic soil

3 Clays: clay to silty clay

4 Silt mixtures: clayey silt & silty clay

5 Sand mixtures: silty sand to sandy silt

6 Sands: clean sands to silty sands

7 Dense sand to gravelly sand

8 Stiff sand to clayey sand*

9 Stiff fine-grained*

*Overconsolidated or cemented
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Electrical Cone Penetration Test and Measured Parame-
ters. The electrical Cone Penetration Test hydraulically 
advances an instrumented electronic steel cylindrical cone 
vertically into the ground at a constant speed of 20 mm/s 
as seen in Figure 4 (Lunne et al., 1997; ASTM 2020).

Figure 4. Electrical cone penetrometer positioned for 
field testing.  (Kennedy 2022)

A sensor continuously acquires data on the cone tip resis-
tance qc and sleeve friction fs. qc is related to the strength 
and density of the soil, and a relatively large value gener-
ally indicates a denser material, such as sand and gravel. 
fs is the soil resistance measured along the cylindrical 
shaft of the cone (Rajapakse 2016).
From these two measurements, the friction ratio, Rf, is 
calculated in Equation 1:

𝑅!=𝑓"
𝑞#

× 100%

Equation 1. Rf, Friction ratio. (Robertson 1990)
Friction ratio is particularly useful for distinguishing fine-
grained from coarse-grained soils (Lunne et al. 1997; 
Robertson 2015). In the normalized SBTn framework, 
additional derived parameters are required for analysis. 
The soil behavior type index, Ic, is defined in Equation 
2 (Robertson 2009, 2016), where Qtn is the normalized 
cone resistance and Fr is the normalized friction ratio.

𝐼#= *(3.47−log𝑄$%)&+ (log𝐹'+1.22)&
Equation 2. Ic, Soil Behavior Type index (Robertson 

and Wride 1998)
Total vertical stress, σv, at a given depth, z, is estimated 
from the unit weight of the soil, γ, and depth as seen in 
Equation 3.

𝜎(= 𝛾𝑧
Equation 3: Total Vertical Stress (Terzaghi 1943)

Additionally, effective vertical stress, σ) * , is obtained by 
subtracting the pore-water pressure, u0, from the total ver-
tical stress, σv as demonstrated in Equation 4.

𝜎(*= 𝜎(  −𝑢+
Equation 4. 𝜎(*, Effective vertical stress (Terzaghi 

1936)

LITERATURE REVIEW
Random Forest has demonstrated consistently strong 
performance across multiple CPT-based soil classifica-
tion studies. Rauter and Tschuchnigg (2021) reported 
accuracies of 0.97-0.99 for Robertson SBTn classes when 
training on more than 1000 soundings. Chala and Ray 
(2023) obtained 0.9923 overall accuracy with Random 
Forest on a collection of 232 CPT datasets. Fatehnia et 
al. (2024) achieved an F1-score of 0.896 when predicting 
borehole-derived soil types from raw CPT measurements. 
These results indicate that ensemble tree methods are well 
suited to the non-linear and noisy nature of CPT data.
Some deficiencies and recommendations for Future Work 
are presented in the literature. Rauter and Tschuchnigg 
(2021) found that the model trained on Austrian data per-
formed poorly in Dutch CPT soundings, and it was not 
geographically transferable. They also mentioned that 
class imbalance affects minority soil types and proposed 
that more sophisticated neural networks, such as Deep 
Neural Networks with more complex neural architectures 
and improved handling of rare classes, be used. Chala and 
Ray (2023) found that Artificial Neural Network models 
had problems with minority classes and proposed adding 
more work on class-balanced training and systematic 
feature selection. Fatehnia et al. (2024) have presented 
the application of raw measurements but have not sys-
tematically compared progressive feature sets. Overall, 
the above studies indicate that controlled experiments are 
needed to isolate the effects of individual CPT parameters.

METHODOLOGY
Dataset Description and Origin. This study used the 
publicly available CPT dataset published by Premstaller 
Geotechnik with Graz University of Technology in 2021 
(Oberhollenzer et al.
2021). The dataset comprises 1,339 cone penetration tests 
(CPT, CPTu, SCPT, and SCPTu) executed by Premstaller 
Geotechnik ZT GmbH across Austria and southern Ger-
many. The soundings cover a wide range of geological 
settings, including post-glacial basins and valleys such as 
the Vienna Basin, Gastein Valley, and other Alpine and 
foreland regions. Core drillings located within approxi-
mately 50 m of many of the soundings provide indepen-
dent grain-size information that supports validation of the 
Robertson SBTn labels.
The following variables were extracted from the original 
database: depth (m), cone tip resistance qc (MPa), sleeve 
friction fs (kPa), friction ratio Rf (%), soil behavior type 
index Ic (–), total vertical stress σv (kPa), effective ver-
tical stress σ′v (kPa), and the target variable SBTn (–). 
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SBTn is the normalized Soil Behavior Type classification 
defined by Robertson (1990), which divides soils into nine 
behavior-based classes, listed in Table 1.
Data Preprocessing. Rows containing missing values 
were removed. Records with an invalid SBTn value of 0 
were also excluded. After cleaning, the dataset contained 
1,010,153 valid observations. The class distribution re-
mained imbalanced: Classes 3, 5, and 6 were the most 
frequent, while Classes 1, 8, and 9 were relatively rare. To 
reduce computational demand while preserving class pro-
portions, a stratified random sample of 20% of the cleaned 

data which contained 202,031 points was drawn. This 
sample was then split into 80% training and 20% testing 
subsets using stratified sampling so that the class distribu-
tion in both subsets matched the overall distribution. The 
processed dataset can be accessed in Appendix 1.
Feature Sets. Feature sets were created with each feature 
set having a different combination of parameters. Four 
progressive feature sets were defined to isolate the contri-
bution of successive parameters. An additional parameter 
was added with each increase in set number as described 
in Table 2.

Table 2. Sets and feature parameters in each set.

Set number Feature sets, combinations of parameters

Set 1 Depth, qc, fs

Set 2 Depth, qc, fs, Rf

Set 3 Depth, qc, fs, Rf, Ic

Set 4 Depth, qc, fs, Rf, Ic, σv, σ′v

Set 1 exists as a baseline that uses only quantities mea-
sured directly by the cone. Set 2 adds the friction ratio 
which is a derived parameter and part of traditional Rob-
ertson charts. Set 3 further includes the soil behavior type 
index Ic, which is a key derived parameter in the normal-
ized SBTn framework. Set 4 adds total and effective ver-
tical stresses, σv and σ′v, to test whether explicit stress in-
formation improves performance beyond what is already 
captured by depth and Ic.
Mathematical Formulation of Random Forest. Random 
Forest is an ensemble of decision trees (Breiman 2001). 
Given a training set of N observations, each tree is grown 
on a bootstrap sample drawn with replacement from the 
training data. At each node, rather than considering all 
available features, a random subset of m features is select-
ed, and the best split among those m features is chosen. 
The impurity of a node is commonly measured by the 
Gini index calculated using Equation 5:

Gini(𝑡) = 1    −∑𝑝,  &
Equation 5. Gini index (Gini 1912).

Where pk is the proportion of samples belonging to class 
k at node t. The decrease in impurity achieved by a can-
didate split is used to select the optimal threshold. After T 
trees have been grown, the final class prediction for a new 
observation x is obtained by majority vote as demonstrat-
ed in Equation 6:
ŷ = mode{h1(x), h2(x)…,  hT(x)}
Equation 6. Majority Voting Ensemble Method (Hastie et 
al. 2009).
In Equation 6, ŷ denotes the predicted value and hT(x) 
represents the prediction of the tree. This combination of 
bagging and random feature selection reduces correlation 
among trees and thereby lowers the variance of the en-
semble without substantially increasing bias (Hastie et al. 

2009).
Hyperparameter Optimization. For each feature set, hy-
perparameters were optimized using Randomized Search 
with 2-fold cross-validation. The search space included 
the number of trees, nestimators, ranging from 50 to 200, 
maximum tree depth; maxdepth, ranging from 10 to 25 or 
unrestricted; minimum samples required to split a node, 
minsamples_split ranging from 2 to 10; minimum samples 
required at a leaf node, minsamples_leaf, ranging from 
1 to 4. The macro-averaged F1-score was adopted as the 
scoring metric.
Evaluation Metrics. Overall accuracy is defined as the 
proportion of correctly classified samples as shown in 
Equation 7:

Accuracy =
TP + TN

TP + TN + FP + FN

Equation 7. Overall Accuracy (Xiang et al 2025)
TP, TN, FP, and FN denote true positives, true negatives, 
false positives, and false negatives, respectively. For 
multi-class problems, this generalizes the fraction of all 
test samples whose predicted label matches the true label.
Because SBTn classes in this dataset are not evenly dis-
tributed, accuracy alone should not be the only measure 
determining the overall performance. Thus, the F1- score, 
which is the harmonic mean of precision and recall, is 
used for measuring the performance within individual 
classes as seen in Equations 8, 9, and 10.

Precision =
TP

TP + FP

Equation 8. Precision (Hastie et al. 2009)
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Recall =
TP

TP + FN

Equation 9. Recall (Hastie et al. 2009)
𝐹1 = 2    Precision ×  Recall 

Precision + Recall
Equation 10. F1-score (Hastie et al. 2009).

The macro-averaged F1-score is obtained by computing 
the F1-score independently for each of the nine SBTn 
classes and then taking the unweighted arithmetic mean of 
the classes. This metric gives equal importance to every 
class, regardless of how many samples it contains. Thus, 
the macro-averaged F1-score is more informative than ac-
curacy when class frequencies differ substantially. More-
over, confusion matrices were also generated to examine 
class-wise performance as seen in Figures 6, 7, 8, and 9.
Computational Environment. All analyses were performed 
in Google Colab using the Python programming language 
and the scikit-learn machine-learning library. Local data 
preparation and exploratory analysis were carried out on 
a MacBook Air Model with an Apple M4 chip containing 
10 cores with 4 performance cores, 6 efficiency cores, and 
24 GB of unified memory.
The combination of local preprocessing and cloud-based 
model training allowed efficient handling of the large CPT 
dataset. The code for the analyses performed in Google 

Colab can be accessed in Appendix 2.

RESULTS
This section presents the performance of the hyperparam-
eter-optimized Random Forest classifier across the four 
progressive feature sets. The results show that an increase 
in input features improves the classification performance 
overall with the exception of Set 4. Overall, Set 3 obtained 
the highest accuracy and macro-averaged F1-score when 
Ic was included. The detailed metrics, comparison across 
feature sets, and class-wise performances are reported be-
low.
Accuracy and Macro-averaged F1-score. The perfor-
mance of the Random Forest model in the baseline Set 1 
achieved an accuracy of 0.9554 and a macro-averaged F1-
score of 0.9397.
Performance improved with Set 2 with the addition of 
Rf, reaching an accuracy of 0.9648 and a macro-averaged 
F1-score of 0.9544. The highest performing result was 
obtained by Set 3 with a further addition of Ic, producing 
an accuracy of 0.9923 and a macro-averaged F1-score of 
0.9845. Notably, the model performance declined in Set 4 
with the inclusion of σv and σ′v, yielding a lower accuracy 
of 0.9911 and macro-averaged F1-score of 0.9822. Table 
3 summarizes the performance of the optimized Random 
Forest models across the four feature sets.

Table 3. Accuracy and Macro-averaged F1-score for each feature set

Set Features Accuracy Macro-averaged F1-score

1 Depth, qc, fs 0.9554 0.9397

2 Depth, qc, fs, Rf 0.9648 0.9544

3 Depth, qc, fs, Rf, Ic 0.9923 0.9845

4 Depth, qc, fs, Rf, Ic, σv, σ′v 0.9911 0.9822

Figure 5 presents a bar-chart comparison of accuracy and 
macro-averaged F1-score across the four feature sets. The 
chart makes the progressive improvement from Set 1 to 
Set 3 visually apparent, as well as the slight decline ob-
served in Set 4.
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Figure 5. Accuracy and macro-averaged F1-score across the four feature sets.
Confusion Matrices. Confusion matrices were created 
to show the performance within each soil class in their 
respective sets. In each confusion matrix, the vertical 
rows represent the actual SBTn class, and the horizontal 
columns represent the predicted class. The diagonal cells 
that are highlighted in blue indicate the number of correct 
classifications. Off-diagonal cells show the number of 
times one class was confused with another. To note, due to 

the non-uniform
distribution of soil classes, the numbers in the diagonal 
cells should not be viewed as an indicator of performance. 
Rather, the performance of each class should be indicated 
by comparing the number of correct classifications rel-
ative to the total number of classifications in that class. 
Confusion matrices for all four feature sets are shown in 
Figures 6-9.

Figure 6. Confusion matrix for Set 1: Depth, qc, fs.
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Figure 7. Confusion matrix for Set 2: Depth, qc, fs, Rf.

Figure 8. Confusion matrix for Set 3: Depth, qc, fs, Rf, Ic.
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Figure 9. Confusion matrix for Set 4: Depth, qc, fs, Rf, Ic, σv, σ′v.
According to the inspection of the confusion matrices, 
most of the misclassifications were between adjacent 
SBTn classes, such as between Classes 3 and 4, or be-
tween Classes 5 and 6. Notable misclassifications were 
also observed between Classes 3 and 4 and Class 9 in ad-
dition to Classes 5 and 6 and Class 8 respectively.

DISCUSSION
Influence of Feature Selection. As shown in the results, 
feature selection can improve the performance of Ran-
dom Forest for CPT-based soil classification. The largest 
increase in accuracy was observed from the increase from 
0.9648 in Set 2 to 0.9923 in Set 3. This rise in perfor-
mance can be explained by the addition of Ic. Ic is derived 
from normalized CPT parameters and is central to the 
Robertson SBTn framework, providing the model with 
information that is already closely aligned with the target 
labels. The large performance improvement suggests that 
some of the apparent predictive power may be due to a 
close mathematical relationship between Ic and SBTn 
rather than independent learning from raw data.
Thus, Ic should be used with caution when training a 
model as it is only recommended when reproducing the 
Robertson SBTn chart and not for model learning.
The friction ratio Rf is defined as the ratio of sleeve fric-
tion to tip resistance. It is used to distinguish between fine-
grained and coarse-grained behavior (Begemann 1965; 
Robertson et al. 1986). Therefore, adding Rf provides 
complementary information that is not fully contained in 
qc and fs separately. This could have caused the relatively 
small improvement that occurred between Set 1 and Set 2. 

Moreover, the soil behavior type index Ic is an all-in-one 
index that already incorporates normalized tip resistance 
and normalized friction ratio (Robertson and Wride 1998). 
Therefore, it processes a large part of the information that 
the Robertson chart itself uses to assign SBTn labels. Af-
ter the addition of Ic, inclusion of the overburden stresses 
appears largely redundant for this classification task which 
is consistent with the slight decline observed in Set 4.
Comparison with Previous Studies. In previous studies 
such as Rauter and Tschuchnigg (2021), there was a re-
ported 0.97 to 0.99 accuracy for SBTn classification using 
Random Forest on the same broader dataset family. The 
Set 3 and Set 4 results with 0.9923 and 0.9911 accuracy 
fall at the upper end of that range. Chala and Ray (2023) 
achieved 0.9923 accuracy with Random Forest on a 
smaller collection of 232 CPTs, matching the Set 3 result 
obtained here. The close
agreement across independent studies that used different 
hyperparameter-tuning strategies and different sample 
sizes suggests that Random Forest performance for SBTn 
prediction is robust once an adequate set of input features 
is provided.
Fatehnia et al. (2024) reported a lower F1-score of 0.896. 
However, the study’s target was a borehole-derived soil 
type rather than a Robertson SBTn. Predicting an indepen-
dent laboratory or borehole classification from CPT mea-
surements is a fundamentally more difficult task, because 
the relationship between penetration resistance and grain-
size composition is indirect and site-dependent. The high-
er metrics obtained in the present study and in the work of 
Rauter and Tschuchnigg (2021) and Chala and Ray (2023), 
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reflect the closer coupling between CPT parameters and 
behavior-type labels. This is not necessarily a superiority 
of one modelling approach over another.
Class-Wise Performance and Confusion Patterns. A confu-
sion matrix is a table that crosses true class labels against 
predicted class labels. Diagonal entries count correct pre-
dictions while off-diagonal entries count specific types of 
error. In the present study, the matrices show that residual 
errors are concentrated between neighboring behavior 
classes. Such confusions can be explained by the transi-
tion from, for example, a clayey silt, Class 4, to a silty 
sand, Class 5.
Such transitions are gradual and CPT measurements near 
the boundary can be interpreted as belonging to either 
class. Minority classes, 1, 8, and 9, exhibit lower absolute 
counts of correct predictions due to how fewer samples 
of those classes were present in the test set. However, 
their per-class F1-scores remained acceptable under the 
macro-averaged metric, indicating that the model did not 
completely ignore rare classes.
Confusion Patterns in Class 3, 4, and 9. There were nota-
ble confusions between Class 3 and 9, and Class 4 and 9. 
For example, in Figure 8, Set 3, Class 9 soils were mis-
classified as Class 3 17 times and misclassified as Class 4 
13 times respectively. To add, Class 3 soils were
misclassified as Class 9 six times and Class 4 were mis-
classified as Class 9 12 times. However, due to how Class 
3 and 4 are numerically distant from Class 9, these confu-
sions cannot be explained by transitional errors observed 
previously. A possible explanation for the confusion in 
Class 9 is overconsolidation. This occurs when soil has 
experienced a higher pressure or load in the past than at 
the time of measurement (Choo et al. 2018). Class 3 and 
Class 9 soils both represent plastic, fine-grained materials. 
If a standard clay in Class 3 becomes heavily
overconsolidated, the tip resistance may increase enough 
to cross into the adjacent high-strength fine-grained Class 
9. Additionally, Class 4 silt-rich mixtures may undergo 
drying, suction, or cementation. Thus, Class 4 soils may 
show elevated shear strength and normalized resistance. 
The mechanical behavior may mimic the high stiffness of 
heavily overconsolidated fine soils in Class 9, explaining 
the confusion of the model. This can be visualized in Fig-
ure 3, in the introduction section, which represents Rob-
ertson’s SBTn.
Reproducibility Recommendations. A reproducible anal-
ysis package should have precise cleaning rules, random 
seed, sampled row indices, train-test assignment, software 
version, optimized hyperparameters, and full class-wise 
results. The provided CSV in Appendix 1 shows that after 
cleaning, 1,010,153 complete nonzero-SBTn datapoints 
are still available, and a 20% sample contains about 
202,031 datapoints. It is recommended to use a sample 
size greater than 20% of the datapoints to increase perfor-
mance across all classes, specifically for minority class 

soils.
Minority Classes and Decision Consequences. Overall 
accuracy will still be relatively high if the classifier per-
forms poorly in some soil classes because these classes 
have fewer samples. The macro-averaged F1-score par-
tially addresses this problem by giving all classes equal 
weight, but a single macro-averaged F1-score value still 
fails to show the direction and engineering significance of 
individual errors. As shown in the provided confusion ma-
trices, many errors occur between adjacent SBTn classes 
due to gradual soil changes and chart borders. However, 
the results of errors are not always symmetrical. Although 
the two similar intermediate classes have a small effect on 
the early screening profile, a thin weak layer or an unusu-
ally sensitive material may change the sampling decision 
and thus the design assumption. Future reports should thus 
provide per-class precision, recall, F1-score, and sample 
counts, and link error analysis to the intended engineering 
decision. Class weighting or balanced sampling can be 
used,
but the untouched test data should maintain the natural 
class distribution so that the reported performance is rep-
resentative.
Operational Quality Control. A field-ready classifier would 
require more than just a fitted model. It should consider 
the following controls to prevent an over-reliance on the 
automated results due to a high overall accuracy and to 
ensure operational quality control. The input unit should 
be automatically converted because qc, fs and stress are 
in different metric systems. A unit conversion error would 
otherwise occur in predictions. In addition, range checks 
should flag negative or physically unreasonable resistance 
values, unexpected depth reversals, missing intervals, and 
derived variables that are inconsistent with the source 
measurements.
Recommended Validation Sequence. The next validation 
stage is a grouped cross-validation using CPT sounding. 
All measurements from one sounding should be in the 
same training or validation fold. Hyperparameters should 
be selected before performing a complete sounding of a 
held-out area to form an untainted test set. A third stage 
can use data from another organization or device configu-
ration to assess the sensitivity to equipment and process-
ing differences. Results can be shown as several splits 
or confidence intervals instead of a single random seed. 
The same feature set should be applied to an independent 
target, such as carefully aligned borehole or laboratory 
classifications, and the difference between reproducing 
Robertson SBTn and predicting material properties quan-
tified.

Conclusion
This study systematically investigated how different com-
binations of input features affect the performance of a 
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hyperparameter-optimized Random Forest classifier for 
CPT-based SBTn classification. A large public dataset 
from Austria and Southern Germany was used to compare 
four progressive feature sets resulting in the following no-
table findings. First, the basic feature set of depth, qc, and 
fs achieved an accuracy of 0.9554 and a macro-averaged 
F1-score of 0.9397.
Second, the addition of friction ratio increased the accu-
racy by 0.94 percentage points and the macro-averaged 
F1-score by 1.47 percentage points. Third, the addition of 
the soil behavior type index yielded the largest improve-
ment, raising accuracy to 0.9923 and macro-averaged 
F1-score to 0.9845. Fourth, adding total and effective 
vertical stresses did not improve the performance further 
and decreased the performance of both accuracy and 
macro-averaged F1-score. Within classes, Classes 3 and 
4 were often misclassified as Class 9 and vice versa. Less 
frequently, Classes 8 and 9 were also misclassified as each 
other.
Future work should explore model transferability in 
geological areas beyond Austria and southern Germany, 
investigate methods to enhance the performance of the 
minority class e.g., class weighting or synthetic oversam-
pling, and compare Random Forest with newer ensemble 
models such as XGBoost and LightGBM under the same 
feature set as well as explore Deep Learning models. 
Expanding the analysis to include independent grain-size 
targets could provide a more rigorous test of predictive 
ability. In conclusion, a feature set of depth, qc, fs, Rf, and 
Ic, is recommended for workflows that aim to reproduce 
Robertson SBTn and already calculate Ic. However, for 
models that only train using raw CPT measurements, the 
feature set of depth, qc, fs, and Rf is recommended. For 
this dataset, adding total and effective vertical stress is not
recommended.
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