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Abstract: Automated soil profi le generation 
system for the dilatometer test (DMT). The paper 
presents an automated method of the soil profi le 
generation using the soft computing method. 
This method can be used as the main source of 
knowledge for the future soil classifi cation module, 
which will be able to identify geotechnical layers 
without the interaction with the user. The method 
uses a graph clustering algorithm, which groups 
together measurements from the Dilatometer 
Test. The histogram-based similarity measure is 
used to automatically adjust number of generated 
categories (soil geotechnical layers). Test site, 
algorithm and its application to the generation 
of soil profi les in the Warsaw University of 
Life Sciences campus are described. Results 
are discussed to provide a more general insight 
into application of intelligent algorithms into the 
geotechnical data analysis.

Key words: soil profi les, soft computing methods, 
clustering, Dilatometer Test.

INTRODUCTION

The geotechnical examination of 
soils is an important aspect of the 
construction of buildings and structures 
such as tunnels, bridges, etc. With the 
introduction of geotechnical probes 
(including CPT or DMT), the soil 
analysis became faster and cheaper than 
the traditional method, requiring drilling 
boreholes. Unfortunately, to correctly 
identify geotechnical layers based on 
the measurement data, a wide human 

expert’s knowledge is required. The 
latter is usually represented using charts 
describing soil structure (Marchetti 
1980). Their accuracy is limited as 
they are usually prepared locally and 
are applicable only in the nearby area. 
For instance, as most DMT charts were 
prepared for Western Europe and North 
America, their usefulness in Eastern 
Europe is questionable. To create an 
accurate chart for the preconsolidated 
soils (such as present in Central 
Poland), multiple probings are required. 
This in turn would take a lot of time 
and be expensive. Novel methods of 
classifi cation, based on the expert’s 
knowledge (Zhang and Tumay 1996) 
are proposed. Unfortunately, when the 
latter is unavailable, additional methods 
of extracting information from the 
measurement data sets are required.

The data can be analyzed by the 
computer algorithm, creating the soil 
profi le, i.e. the set of different categories 
assigned to measurements at particular 
depths. They are then analyzed by the 
geotechnical engineer, who can verify 
accuracy of the generated profi le. 
Such knowledge can be further used to 
construct the soil identifi cation module, 
which will classify the geotechnical 
layer based on the measured quantities 
at particular depths. Similar works were 
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done before (Hashash et al. 2004, Shahin 
et al. 2005), but new approaches must be 
proposed.

The following paper presents a 
generic method for automated soil profi le 
generation. It is verifi ed at the location 
of Warsaw University of Life Sciences 
(WULS), Warsaw, Poland. The data 
delivered for the computer algorithm are 
obtained using DMT probe, although the 
method is universal. It was implemented 
using measurements taken at four different 
locations. The research presented here 
is a continuation of the experiments 
published before (Rabarijoely et al. 
2007, Bilski and Rabarijoely 2009). The 
expected result of the research is the 
method for extracting knowledge about 
the soil types and layers from the probes’ 
measurement data. 

The organization of the paper is 
as follows. In the next section the 
measurement approach and test site 
are presented. Further, the computer 
algorithm applied for the soil profi le 
generation is introduced. The next section 
contains the description of tests and 
verifi cation of the proposed approach. 
Finally, conclusions and future prospects 
are discussed.

DESCRIPTION OF THE DMT 
METHOD AND TEST SITE

Among multiple non-invasive methods 
of the soil analysis, the dilatometer test 
(DMT) is a relatively new, yet powerful 
probe-based method. It exploits the 
measurement of the working gas pressure 
on the membrane (installed in the head 
of the blade) at the preselected depths, 
as the probe is inserted into the ground 

with constant speed of 0.02 m/s. Two 
measured parameters are used further 
by the clustering method: pressure A 
(the gas pressure in the fi rst phase of 
the movement of the membrane) and 
pressure B (the gas pressure obtained at 
the additional inclination of the centre 
of the membrane toward the ground). 
Further details of the DMT probe 
operation can be found in Lechowicz and 
Rabarijoely (2000) (1) and Lechowicz 
and Rabarijoely (2000) (2).

The test site was the Warsaw 
University of Life Sciences Campus. 
During its expansion, the Department of 
Geotechnical engineering did a research 
aimed at assessing the conditions of the 
foundation of newly designed buildings. 
One of the analyzed objects was the 
laboratorial-didactic building No 34, for 
which both geotechnical documentation 
and supervision were conducted. The 
building, dimension 57 × 120 m consists 
of three dilated parts (Fig. 1). Vertically, 
they contain one-storey ground level 
(the –1st fl oor) located at 1.2 m below 
ground level and a fi ve-storey building 
above ground level (the 1st to the 5th 
fl oor). An auditorium of double-storey 
height was designed at the central part 
of the building. The plan of the building 
includes foundation with the location of 
the boreholes and CPT and DMT tests.

The profi les of po and p1 (calculated 
based on pressures A and B) pressures 
(measured ) and index parameters ID, KD 
and ED calculated based on the pressures 
for the selected DMT experiment are in 
Figure 2. The traditional chart for the soils 
investigated in the test site is in Figure 
3 (where letters A, B, C and D indicate 
particular lines separate soil states 
– Marchetti 1980). The borders between 
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the soils are expressed by the vertical 
lines, while the small black triangles and 
squares are the measured parameters. 
The geological layers are not accurately 

separated using the chart (triangles are 
identifi ed as silts and clays). Therefore 
the artifi cial intelligence method could 
improve the analysis.

FIGURE 1. Location of boreholes and in situ tests in the foundation of WULS building

FIGURE 2. Index parameters p0 , p1, ID , KD and ED  profi les from DMT in WUoLS, building No 34
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DESCRIPTION OF THE 
ALGORITHM FOR THE SOIL 
PROFILE GENERATION

In the experiment, an automated 
clustering method is implemented to 
extract knowledge about geotechnical 
layers in the examined soil. This 
knowledge covers also information 
about the characteristic traits of every 
soil category, which can be further used 
to distinguish between the categories. At 
this stage, the output of the algorithm must 
be verifi ed by the geotechnical engineer. 
If the process is done appropriately, an 
expert system may be designed to analyze 
the measurements done by the DMT test 
and in the real-time mode determine the 

soil type at the particular depth. This is 
analogous to the manual usage of the soil 
profi les. To obtain such characteristics of 
the expert system, a generalization ability 
of the machine learning method must 
be present. It is the ability to correctly 
classify the soil categories based on the 
measurements which were not present 
in the learning data set. The latter was 
exploited before, for instance in the 
neural networks approach (Hegazy et 
al. 2002, Deka and Chandramouli 2006, 
Kang et al. 2006) or Bayesian networks 
(Mello and Brow 1999, Garbulewski et 
al. 2008).

The graph clustering algorithm is a 
simple and computationally effi cient 
algorithm of grouping the measurement 
sets. It requires measurements taken at the 

Soil Description and estimated γ/γw

Material index ID
■ moraine deposit of Warta Glaciation (sandy clay – brown)
▲ moraine deposit of Odra Glaciation (sandy clay – grey)
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FIGURE 3. Marchetti and Crapps (1981) chart
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particular site, at different depths. Every 
set of measurements is further called 
an “example” or “experiment”. As the 
DMT test takes pressure measurements 
at every 0.02 m, the average training 
data set (covering about ten meters 
of depth) contains no more than fi ve 
hundred examples (experiments). A set 
of measurements at every depth (in the 
DMT case various pressures) represents 
one of the soil categories. The algorithm 
refl ects the example as the node of the 
graph. The edges are established between 
these nodes, which are similar regarding 
the measurements – belong to the same 
soil category. Because the number of the 
measured parameters can be different for 
various methods, the similarity must be 
assessed considering all of them. The 
idea of using the algorithm is presented 
in Figure 4, where measurements from 

the DMT test (a) are nodes grouped into 
clusters (b).

Note that the algorithm only groups 
the experiments into clusters, labeling 
the similar ones with the same name. 
However, the geotechnical engineer 
must analyze the clusters and identify 
the particular soil types. 

The learning data sets are matrices 
with four columns: ordinal number 
of the measurement, depth at which 
the measurement was taken and two 
measured parameters. In the presented 
DMT investigation, the latter are: 
pressure A and pressure B (in bars). 
The example of the learning data set is 
presented in Table 1.

The clustering algorithm analyses 
every experiment in the data set and 
assigns a label to it according to the 
similarity between the experiments. 

FIGURE 4. Illustration of the graph clustering application to the DMT measurements: data 
gathering (a) and result of the algorithm (b)

TABLE 1. Fragment of the learning data set for the clustering algorithm

Ident. Depth [m] Pressure A [bar] Pressure B [bar]
1 0.3 2.0 11.0
2 0.9 2.0 11.0
3 1.7 2.4 10.1
4 2.3 3.5 11.3
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Two different measurements can be 
considered similar if the difference 
between their values is smaller than the 
predefi ned threshold. Selection of the 
latter strongly infl uences the structure of 
the soil. Therefore an adaptive method 
of threshold selection was proposed. The 
algorithm is presented in Figure 5.

The algorithm works on the data set 
DT (here it is a table of geotechnical 
measurements). For each (i-th) column 
(containing one parameter, for example 
pressure A) a fi ndsimilar procedure is 
executed. It performs a histogram analysis 
of all values in the attribute, assigning 
a category to the experiments that are 
close to each other, (to groups in the 
histogram). The result of the procedure 
is the set of partial categories si assigned 
to the measurements at the particular 
depths regarding i-th parameter. The 
partial categories are stored in the matrix 
C. They are transformed for every depth 
into one fi nal category using the procedure 
gather. The same global category will 
be assigned to the depths, at which for 
every parameter the partial category was 
identical. For example, if for two depths 
(1.6 m and 2.8 m) the partial categories 
are, respectively, 3 and 6, these depths 
will be considered as containing identical 

soil type. The exemplary histogram for 
the stamp is presented in Figure 6. Here, 
stamp’s values form six clusters, which 
are numbered subsequently (from 1 to 
6). The arrows indicate the calculated 
thresholds. The latter are values in the 
middle of the empty interval between the 
borders of two closest not empty intervals 

max
jt  being the maximum possible value 

of the j-th not empty interval and min
1jt  

– the minimum possible value of the 
j+1-th non-empty interval) and all 
measurements inside the interval form 
one group, being a candidate for the 
separate soil type. 

max min
1

2
j j

i
t t

 (1)

The key issue here is the number of 
the intervals used to divide the values of 
the measured parameters. It may affect 
the result of the profi le generation – the 
larger number of intervals, the larger 
number of soil classes will be obtained. 
The value proposed for tests was p/2, 
where p was the number of the depths at 
which the measurements were taken. This 
way the method individually determines 
the similarity for each test site.

procedure graphclust 
input DT
begin
C

for i=2 to m-1
si  findsimilar(pi)

  add(C, si)
end
c  gather(C)

end
FIGURE 5. Graph clustering algorithm
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The algorithm was implemented 
in MATLAB computing environment, 
which is suffi cient for the research 
purposes. In the next stage of the 
research the computer program will be 
created using a high level programming 
language.

TEST RESULTS

The proposed algorithm was verifi ed 
on the data obtained from the DMT test 
in four different points in the vicinity 
of the building No 34 at the campus 
(Fig. 2). Although test points are close 
to each other, the profi le of the ground 
is not constant, but varies according to 
the processes shaping the form of the 
soil during the history (i.e. glaciation). 
Therefore there is a non-uniform ground 
structure, so the measurements even in 
the neighbor locations are different for 
the same soil type. These different data 
sets were used as the input data for the 
algorithm, which produces pairs: {depth, 

category} for every measurement. For the 
visualization purposes these are further 
drawn on the diagram to produce a soil 
profi le. The aim of the experiment was 
to fi nd the optimal threshold values, i.e. 
values that ensure the soil categorization 
consistent with profi le obtained using 
DMT charts (used here as the reference 
values). In the following research the test 
sites were regarded as DMT1, DMT2, 
DMT3 and DMT4 (also Fig. 2).

The detailed results are presented for 
two sites, DMT2 and DMT3, which are 
the most representative and present two 
different situations in the soil structure. 
The measured parameters and their 
statistical distributions are presented in 
Figures 7 and 8. In most cases pressures 
can easily be separated into two groups, 
there are also some depths, at which 
there are more categories. The former 
indicate two main geological layers, i.e. 
sands and clays. However, the task of the 
engineer is to assess the characteristics of 
the geotechnical layers, which are more 
important for the building construction. 

FIGURE 6. Example of the histogram for the measurement data with six clusters (categories) identi-
fi ed
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FIGURE 7. Measured parameters (pressure A and B) in the DMT2 test site and their histograms

FIGURE 8. Measured parameters (pressure A and B) in the DMT3 test site and their histograms
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In the DMT2 site, the diversity of 
the soil is greater, leading to multiple 
categories, with small numbers of 
measurements (Fig. 9a). The main soil 
formations are “1” and “2”, however 
there are also multiple additional 
categories in the transient area between 
them (“3”). The latter indicates that the 
soil structure is not uniform and in most 
cases is the mixture of two or more basic 
soils. Also, there is a small formation of 
single-element categories close to the 
surface (“4”), which is probably related 
to the existence of the object such as 
rock. These areas will manifest at the 
junction of main categories. The DMT3 
site (Fig. 9b) is more uniform, as there are 
only three main categories, which relate 
to sands (“1”) and clays (“2” and “3”). 
The differences between the borders of 
geological layers obtained using DMT 
and borehole methods are below one 

m., which is acceptable as the DMT 
measurements are taken every 20 cm and 
sites of DMT and borehole investigations 
are located at the distance of about ten 
meters. Results from other sites are 
similar. Figure 9 also contains geological 
layers, which have borders close to the 
obtained geotechnical layers. They are 
however, only for the visualization 
purposes, as the engineer will be mostly 
interested in the geotechnical layers.

The main conclusions drawn from the 
presented investigations are as follows. 
Geotechnical layers can be represented 
as the uniform categories only t some 
extent. They usually consist of some 
subcategories, which have separate 
physical characteristics. Also, additional 
categories emerge when two different 
geotechnical layers meet. Therefore 
another alternative to the discrete 
clustering (when there is the fi nite number 

FIGURE 9. Soil profi les obtained using the algorithm for DMT2 (a) and DMT3 (b)
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of easily distinguishable categories) 
is fuzzy clustering and classifi cation – 
(Zhang and Tumay 1999), which shows 
more complex structure of soils.

Another problem is the locality of the 
measurements. Characteristic features 
of the particular soil layers strongly 
depend on their geographical location 
and history. For instance, the same soil 
behaves differently depending on the 
events it was part of in the past (such as 
existence of the glacier). Therefore the 
resented method of soil identifi cation is 
probably applicable only in narrow parts 
of geographical locations. To verify this 
phenomenon more data are required 
from other locations than WULS.

Measurements taken for the same soil 
type in various (though close) locations 
are coherent, but the differences in ranges 
exist (especially for the fi ne sands). It is 
clear that the soil profi le is different in 
every location, so the pressure ranges 
also must vary. Although the soil types 
are easily distinguishable from each other 
based on the two pressure measurements, 
to successfully identify other soil types, 
additional information may be required 
(for example, more parameters). The 
same is for distinguishing between the 
subcategories of the soil, for example 
brown and grey clays. This problem will 
be investigated further. 

CONCLUSIONS AND FINAL 
REMARKS

The DMT soil analysis was performed 
at four different locations of the Warsaw 
University of Life Sciences. From 
every location, a different data set was 
constructed. Subsequently, an automated 

graph clustering algorithm was used to 
divide experiments into soil categories. 
The critical operation, i.e. the threshold 
selection was implemented based on the 
histogram analysis. It allowed using the 
intuitive sense of similarity between two 
points (measurements at the particular 
depths). Then, the geotechnical 
engineer verifi ed the algorithm output 
selecting the threshold assuring the 
best soil classifi cation and identifying 
the categorized soils. The outcome of 
the algorithm is satisfactory as it is 
able to generate the categorization of 
geotechnical layers close to the one 
obtained using drilling boreholes. The 
differences are caused by the fact that 
measurements were taken every 0.02 
m, which limits the accuracy of the 
measurement method. Also, the test sites 
of DMT investigations and boreholes 
were located at about ten meters from 
each other, which justifi es differences 
in borders of soil categories up to one 
meter. The applied algorithm allowed 
gaining additional knowledge about the 
soil structure in the tested locations, 
revealing that the DMT charts have the 
limited accuracy. 
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Streszczenie: System automatycznej generacji 
profi lu gruntowego na podstawie badań dylato-
metrycznych (DMT). W artykule przedstawiono 
metodę automatycznej generacji profi lów grun-
tów z wykorzystaniem metody heurystycznej. 
Może ona zostać wykorzystana jako źródło wie-
dzy dla projektowanego modułu klasyfi kacji 
gruntów, który będzie w stanie identyfi kować 
warstwy gruntów na podstawie pomiarów geo-
technicznych bez udziału użytkownika. Metoda 
wykorzystuje algorytm clusteringu grafowego, 
który grupuje pomiary uzyskane techniką DMT 
na poszczególnych głębokościach. Grupowanie 
odbywa się na podstawie pomiaru podobieństwa 
pomiędzy pomiarami. Zaliczane są one do tej 
samej kategorii (warstwy geotechnicznej), jeśli 
różnica pomiędzy ich wartościami jest mniejsza 
od wartości progowej. Ta ostatnia jest uzyskiwa-
na automatycznie, na podstawie analizy histogra-
mu. W artykule przedstawiono metodę pomiaru 
geotechnicznego, scharakteryzowano lokaliza-
cję (kampus SGGW), w której przeprowadzono 
eksperymenty oraz opisano algorytm generacji 
profi lu. Przedstawiono wyniki eksperymentów 
w postaci uzyskanych profi lów gruntów oraz wy-
ciągnięto wnioski na temat możliwych zastoso-
wań metody w przyszłości. 
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