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Proposition of a Geotechnical Mapping Based on 

Artificial Neural Networks for the Town of 

Caucaia, Ceará, Brazil for Paving Purposes 

Abstract--  This research focuses on the development of a 

method, based on Artificial Neural Networks (ANN), aimed to 

infer the geotechnical characteristics of the subgrade of 

Caucaia Town, located in the metropolitan region of Fortaleza 

– Ceará, Brazil based on biophysical variables (pedology, 

geology, geomorphology and phytophysiognomy). The main 

objective of this research was to systematize method to assist 

with the recognition of geotechnical characteristics of the 

subgrade from data obtained in projects and pre-existing 

studies (secondary data), so as to help with the decision-making 

process regarding land use for paving purposes. For that, GIS 

techniques were used to cross spatial information on 

biophysical variables from several layers, with the geotechnical 

classification of the subgrade obtained by the Transportation 

Research Board (TRB) method. We developed an ANN a 

model to provide estimates of the geotechnical classification 

based on the biophysical variables studied, creating a neural-

geotechnical map presenting the prediction of TRB 

classification of the subgrades of the Town of Caucaia. In order 

to check the efficacy of the proposed mapping, 20 samples were 

collected and classified according to the TRB categories. The 

results show the potential of the technique of artificial neural 

networks in predicting the properties of materials occurring in 

the town of Caucaia. 

 

Index Term—  Geotechnical Mapping, Neural Networks, 

Paving. 

I. INTRODUCTION 

When designing engineering projects it is necessary to have 

a deep knowledge about the physical characteristics of the 

place in which the work will be carried out. If we are 

dealing with an infrastructure project, especially in highway 

projects, the geotechnical and topographic studies are 

extremely 
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important as they are the basis of its implementation. 

Due to the difficulty to find materials that are 

geotechnically proper for paving purposes, the geotechnical 

information is becoming more and more important as 

projects need to avoid the problems of characterization of 

materials in order to avoid a repeated work and geotechnical 

accidents as well as reducing costs and improving the 

quality of design and implementation of projects. 

The main objective of this research is to propose a 

technique for the previous recognition of the physical 

characteristics of subgrades which can be used in pavement 

construction by obtaining secondary data without the need 

to make reconnaissance journeys, sampling of materials or 

laboratory trials, which represent a significant part of the 

costs of a project.  

In order to enable the creation of a georeferenced 

database having both the biophysical variables and 

geotechnical information of the subgrade, we made a search 

in pre-existing highway projects and academic studies to 

obtain, identify and feed this data base. Such data were 

spatially grouped by employing geoprocessing techniques 

through the use of GIS with which we generated theme 

maps to help recognize the subgrade’s materials of the area 

under study.  

Another technique used in this study was the one of 

artificial neural networks (ANN), employed for the 

generation of estimates of soil geotechnical properties based 

on known biophysical characteristics.  

This type of mapping is related to the science called 

geotechnical cartography which is largely used for the 

subgrade information mapping in infrastructure works in 

Brazil. We can say that geotechnical cartography is a 

graphic representation, in the form of a map or geotechnical 

chart, of the limitations and potentialities of the physical 

environment in which one evaluates all of the components 

of a geological environment which are important for the 

planning, design and civil construction [28]. 

Geotechnical cartography serves as a tool for the general 

characterization of the physical environment, allowing the 

determination of safer criteria for materials’ sampling. It 

also helps with the quantitative preliminary evaluation of 

mechanical behavior of soils for the prediction of 

environmental risks and with the identification of potential 

impacts of engineering works. By this, the mapping makes it 

possible to adapt the project to the requirements imposed by 

the physical environment, as mentioned by [19]. 

In geotechnical engineering, the texture characteristics are 
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used to perform a qualitative classification of soils for their 

use in highway paving or in engineering in general. In 

highway engineering it is common the adoption of a system 

of soils classification to predict their properties. The TRB 

(Transportation Research Board) classification has been the 

most used for this purpose, although there are other methods 

also renowned in Brazil. For instance, the MCT (Miniature, 

Compacted, Tropical) soil classification method created by 

NOGAMI and VILLIBOR [20] to identify the lateritic 

behavior of soils which cannot be properly predicted by the 

TRB classification method. 

For one to formulate the TRB method, it is necessary the 

conduction of soundings and laboratory trials to identify the 

physical characteristics needed to classify the soil into one 

of the groups of this classification. There are no evidences 

of any technique in the literature reviewed that is able to 

perform an indirect classification of soils of Ceará State. 

However, the geotechnical mapping proves to be a tool able 

to help carry out this type of activity.  

A geotechnical mapping methodology using cartographic 

and geoprocessing tools for the determination of 

geotechnical units was developed and publicized by [14]. 

This mapping was carried out based on the crossing of 

pedological and geological data producing the design of soil 

profiles with a probable similar geotechnical behavior. The 

use of geoprocessing enabled the aggregation of the mapped 

data into a data bank so that these data can be used in a 

centralized way and integrated with other characteristics of 

the physical environment.  

The area chosen for the application of this study was the 

town of Caucaia, situated in the metropolitan region of 

Fortaleza City in Ceará State. The reasons for choosing this 

town were the following:  

o Caucaia is only 16 km away from Fortaleza, what 

facilitates the collection of materials for  future studies; 

o Caucaia is a town with possibility of expansion over the 

next few years;  

o There are available data from projects of state and 

federal highways in which previous geotechnical studies 

were carried out, such as: CE-085, CE-090, BR-020 e 

BR-222, among others; 
o Existence of geotechnical characterization data in 

scientific publications. 

II. OBJETIVES 

The main objective of the research here proposed was the 

development of an efficient, fast and low cost methodology 

for the generation of estimates of the geotechnical 

characteristics of Caucaia Town’s subgrade for paving 

purposes. We used the ANN technique to predict the TRB 

classification of the soils of this town’s subgrade.  

An additional product of the methodology developed was 

the possibility of the simultaneous mapping of the 

environmentally protected zones, such as conservation units, 

indigenous lands, coastal areas (dunes and estuaries), 

environmental protection areas (EPA), and areas of 

permanent preservation (APP), among others that should not 

be used for paving purposes. 

 

III. GEOGRAPHIC INFORMATION SYSTEMS (GIS) AND 

GEOTECHNICAL CARTOGRAPHY 

According to [8] the word geoprocessing represents the field 

of knowledge that uses mathematical and computing 

techniques for the treatment of geographic information and 

which is more and more influencing the fields of 

cartography, natural resources analysis, transportation, 

communication, energy and urban and regional planning. 

The computing tools for geoprocessing, called geographic 

information systems (GIS), enable the performance of 

complex analyses by integrating data from several sources 

and creating georeferenced data banks. 

Also according to [8] the main difference between a GIS 

and a conventional information system is the GIS’s ability 

to store both the descriptive attributes, and the geometries of 

the different types of geographic data. Therefore, for each 

borehole (point) in a soil sounding record, for example, a 

GIS stores the geometric information based on its 

geographic coordinates, besides storing descriptive 

information like the sounding borehole numbering and 

address. 

GIS may be considered a set of tools to collect, store and 

recover spatial data of the real world [7], or also, a written 

or computerized set of procedures, used to store and treat 

geographically referenced data [1]. According to [16], for all 

the definitions of GIS it is evident that these systems treat 

geographic data, this emphasis on geographic data being 

what distinguishes GIS from other computational systems. 

In a GIS, the data bank is integrated into the spatial 

elements so that it stores the information about the physical 

environment. Using as example the geotechnical 

cartography, we can have the spatialized sounding points 

and to these points we connect a database having all the 

geotechnical data obtained for a specific point.  

Geotechnical cartography combined with GIS has served 

as support tool for the determination and monitoring of land 

occupation, especially concerning the regulation of 

geographic spaces so as to protect areas of environmental 

interest besides helping with the analysis of the environment 

regarding the use of resources and the production of maps 

which are relevant to geotechnical and highway engineering 

[29,2]. 

According to [13], GIS are largely used for physical 

space zoning in geotechnical cartography. GIS can be 

employed for mapping biophysical characteristics, 

geological mapping, pedology and vegetation 

reconnaissance, soil mapping and also as a support tool to 

generate data for mathematical modeling, for instance, 

based on artificial intelligence (AI), like the artificial neural 

networks (ANN) technology to predict geotechnical 

characteristics of soils.  

 

IV. ARTIFICIAL NEURAL NETWORKS (ANN) AND 

GEOTECHNICAL CLASSIFICATION 

The artificial neural networks (ANN) are artificial 

intelligence (AI) techniques that try to simulate the 

operation of human brain in computational systems in a 
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simplified way. For this purpose, we use distributed and 

parallel systems composed of simple processing units 

(neurons) which calculate certain mathematical functions 

that are usually non-linear. These units are arranged in one 

or more layers by a great number of connections which are 

usually unidirectional.  

The artificial neural networks (ANN) are being used by 

several fields of study to solve different problems through 

diverse applications. Nowadays, one of the main uses is 

applications dealing with data simulation, estimate or 

prediction. The ANN have the ability to learn different kinds 

of problems by extracting relevant information from 

information patterns presented, thereby creating a 

representation proper for the problem [6]. 

Structurally, the ANN can be made of several calculation 

units in which the data are processed in parallel. They also 

have processing units called “neurons”, linked to each other 

by connections that determine the information flux through 

the network, as it happens in a biological neural network. 

The processing units can function by the connections, 

arranged in intermediate layers or hidden layers between the 

input layers and the output layer, as shown in Figure 1. 

 

Input

layers

Intermediate

layers

Output

layers

 
Fig. 1. Schematic representation showing a neuron network. 

 

 

There are several algorithms for the training of neural 

networks. However, in this article we used an algorithm of 

the error retro-propagation type, commonly known in 

literature as backpropagation algorithm. According to [17], 

the backpropagation algorithm is the neural network 

algorithm most used in practical applications of prediction, 

classification and pattern recognition in general.  

For [5], the ANN with multilayer perceptrons (MLP) 

constitute the most commonly used type of architecture, 

consisting of a set of processing units with input units, 

intermediate layers or hidden layers and output layer. “The 

input signals are propagated on a layer-by-layer basis 

through the network in a forward direction. That is, from 

input to output”. 

[30] Demonstrated that the backpropagation algorithm is 

a universal approximator able to represent any function. In 

this research, we used the variation of the backpropagation 

algorithm called TRAINGDX – a gradient descending 

backpropagation with a momentum term and adaptive rate. 

[12] describe this algorithm as having a high performance 

and being able to converge 1 to 10 times faster than the 

other backpropagation algorithms. 

Several researchers, like [23,9,21,4] have demonstrated 

that ANN can be used in geotechnics as a promising 

modeling tool, working with the MCT classification, 

resilient Modulus, pavement failures and the cone 

penetration test. 

V. MATERIAL AND METHODS 

We used in this research the mapping of biophysical data, 

geotechnical data from studies and pre-existing projects. In 

addition, we employed some computational applications, 

such as: ArcGIS 9.3, AutoCAD Civil 3D 2010, the 

electronic spreadsheet Microsoft Excel 2007 and the toolbox 

NNTOOL do MATLAB 7.8 (a software aimed at numerical 

calculation and having computational tools aimed at the 

simulation of ANN). The methodology used in this research 

is summarized in the flowchart shown in Figure 2, which 

shows the step-by-step process adopted and the 

computational applications used. 

 
 

Search for and acquisition of 
pre-existing data

Cartographic
bases

(shp, dwg...)

Biophysical
Data

Geotechnical
data

Data manipulation in GIS
Softwares: ArcGIS 9.1 and Civil 3D 2010 

Data 
spatialization

Editing of
cartographic

bases

Feeding of the
geotechnical

data bank

Crossing of data (geology, pedology, 
vegetation, geomorphology and geotechnics)

Softwares: ArcGIS 9.1

Data preparation for entry into ANN 
(numerization, normalization, mixing)

Softwares: Excel 2007

Data processing in ANN (training, test and
evaluation)

Softwares: MATLAB 2009

Analysis of results
Softwares: Excel 2007

 
Fig. 2.  Flowchart of the method used. 

 

A. Data research and acquisition  

 

A part of secondary data used was obtained in the 

institutions having that information: CPRM (Brazilian 

Office of Geological Survey), MMA (Ministry of 

Environment), IPECE (Institute for Economic Research of 

Ceará), ANA (Brazilian National Water Agency) and DNIT 

(Brazilian Department of Transportation Infrastructure). 

Another part was obtained from academic studies conducted 

in the study area. Table 1 shows the data with their sources. 

 
TABLE I 

Summary of the sources of data used. 

    Data Used Source 

Pedology Cartographic Basis CPRM 

Geology Cartographic Basis CPRM 

Geomorphology Cartographic 

Basis CPRM 

Vegetation Cartographic Basis MME 

Climatology Cartographic Basis IPECE 

Hydrography Cartographic ANA 

http://pt.wikipedia.org/wiki/Software
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Basis 

Cartographic Basis of 

Indigenous Lands   ANA 

Cartographic Basis of Highways  IPECE 

Cartographic Basis of 

Conservation Units ANA 

Geotechnical  Studies of   

BR-222 Highway DNIT 

Geotechnical Studies of Caucaia 

Town  [3] 

 

B. Treatment of spatial data 

 

The spatial data obtained were treated in order to foster a 

compatibilization and uniformization, so that all data had 

the same format, the same coordinate system, the same 

reference system and restricted to the study area.  

The points related to the geotechnical data collection, 

obtained in an analog format, had to be spatialized and 

digitalized. In order to carry out this operation we used the 

point insertion with coordinates in relation to road axis, 

based on the Autodesk Civil 3D software.  Later on, these 

data were exported in vector format (points) in the shapefile 

format, pattern of ArcGIS, in which they were allocated to 

Datum SAD 69 with a system of UTM cartographic 

projection. In addition, the geotechnical data, also acquired 

in analog format, from reports of geotechnical studies 

obtained in projects of DNIT, were used to create and feed a 

geotechnical data bank. After that, these geotechnical data 

were connected to geotechnical points through ArcGIS, 

consolidating a geotechnical data bank for Caucaia Town. 

The biophysical data (pedology, geology, vegetation, 

geomorphology, conservation units, indigenous lands, 

climatology, hydrography and highways) of the area studied 

were obtained in the vector format (digital maps). 

 

C. Map Algebra  

According to [24], a cartographic model can be visualized as 

a collection of maps recorded in a common cartographic 

basis in which each map is a variable subjected to traditional 

mathematical operations. Map algebra is a process resulting 

from point primitive operations, neighborhood and regions 

over different maps, in a sequential logic to interpret and 

solve spatial problems. In this context, the sequence of 

operations is similar to the algebraic solution of a system of 

equations.  

After the cartographic uniformization of data, we selected 

the maps related to pedology, geology, vegetation, 

geomorphology and geotechnics. These maps were crossed 

so that each point with the geotechnical classification was 

spatially connected to the biophysical variables already 

mentioned. Thereby we developed a unique vector layer 

containing all the data necessary for the proposed modeling. 

Later on, these vector files in shapefile format were 

exported to the .xlsx format so as to be processed at MS 

Excel. 

 

D. Data Pre-Processing 

The data with an .xlsx format, produced by the spatial 

crossing of biophysical data with the geotechnical 

classification of points, were submitted to a pre-processing 

to adapt them to the restrictions imposed by neural 

modeling. The data pre-processing was divided into 3 

(three) stages as follows: 

o Data numerization: consisted in assigning a decimal 
value to data that had  alpha-numeric values; 

o Data normalization: consisted in changing decimal 

values into values ranging between 0 and 1. For that 

purpose we used the normalization Equation 1. 

 

        (1) 

 

Where:  

Xn = normalized value;  

Xi = decimal value;  

Xmax = highest value of variable and; 

Xmin = smallest value of variable. 

 

o Data mixing: consisted in assigning a random order to 

the data and, after that, drawing lots to determine a data 

part that will be trained and other two parts to test and 
validate the network. For this purpose, we used an 

algorithm implemented in MatLab. 

 

E. Neural modeling  

 

The data processing in an ANN consists in training, 

validating and testing the model adopted. For this purpose, 

we used a set of tools called Toolbox and, within it, more 

specifically the Neural Network Tool (NNTOOL). 

NNTOOL is a graphic interface that allows the construction 

of different topologies with variations of algorithms and 

training parameters of ANN in the MatLab application. This 

way, we developed a test tree in NNTOOL aiming at finding 

the architecture most suitable for the problem under study, 

that is, the architecture in which the errors estimated for the 

set of tests are smaller when compared to real values.  

The parameters involved in an ANN algorithm allow a 

great variation in the possibilities of training. For this 

reason, it is almost unviable to test all the possibilities with 

different variations in the parameters. In this research, we 

conducted a set of variations until getting the parameters 

that best adapted to the data. That is, the parameters that 

enabled the highest accuracy rate. 

The total available set of data was divided into three 

subsets, as said previously, being 70% used for training, 

15% for validation and 15% for testing. These subsets of 

data were randomly selected without repetition. The 

network input data were the following biophysical variables: 

pedology, geology, vegetation and geomorphology and also 

the UTM coordinates (East and North) and the output of the 

neural network was the TRB geotechnical classification. 

After the definition of the sets of data, we started the 

ANN training with the purpose of finding the topology that 

bests adapts to the phenomenon studied. For this, we tested 

several algorithms and also conducted the variation of its 

parameters: number of intermediate layers, quantity of 
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neurons in each layer, learning rate, momentum term, 

number of training epochs and others. Among the tested 

algorithms, the one that best adapted to the problem was the 

TRAINGDX algorithm – gradient descent backpropagation 

with momentum and adaptive learning rate.  

 

F. Analysis of Results  

 

After carrying out the test tree that selected an algorithm, 

a topology and its training parameters, the results obtained 

by the neural model were exported to Excel format, so that 

they were un-normalized and denumerized. Later on, we 

carried out the analyses of results by calculating the 

accuracy rate and generating comparative graphs between 

the real output and ANN output for the set of tests, that is, 

for the data with which the ANN did not have any contact 

before.  

VI. PRESENTATION AND DISCUSSION OF RESULTS 

 

A. Application of Methodology 

 

By resting on surveys carried out in documents such as 

the geotechnical studies of BR-222 highway, made available 

by DNIT, and the data contained in [3] we obtained 113 

points about which there was information of the TRB 

geotechnical classification. To these points we connected 

some biophysical characteristics with the purpose of 

estimating the TRB classification as a function of those 

characteristics. 

From the total set of 113 data, we selected at random a 

sample of 17 points to test the model proposed, what 

represents 15% of the total set. The remaining points were 

used to train and validate the model. Figure 3 is a map of the 

113 points used for the modeling of Caucaia Town. 

 

Fig. 3. Map of the Points Studied. 

 

 

B. Tests Tree  

The data were organized so that the biophysical 

variables and coordinates of each point were used 

as input data (UTM East coordinate, UTM North 

coordinate, pedology, geology, vegetation and 

geomorphology) so as to correspond to the output 

(TRB classification) of the same point. After the 

neural modeling phase with the set of training and 

validation, the data of the test set were presented to 

the neural network for the generation of estimates. 

The result of this estimate was organized so as to 

enable its interpretation and analysis. Table 2 shows 

the way the data were organized. 

 

 

TABLE II  

Organization of input and output data of the ANN. 

Inputs Output 

East North Pedology Geology Vegetation Geomorphology TRB 

Information Information Information Information Information Information Information 

The tests’ tree conducted to determine the 

topology most suitable for the study was the 

following: (I) networks with two training 

algorithms - TRAINLM and TRAINGDX; (II) 

topologies with one and two intermediate layers; 

(III) topologies with variations of the number of 

neurons in intermediate layers, ranging according to 

the sequence: 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 20, 30, 40, 



                    International Journal of Engineering & Technology IJET-IJENS Vol:12 No:05                               70 

                                                                                                           129005-7373-IJET-IJENS © October 2012 IJENS                                                                    I J E N S 

50. 60, 70, 80, 90 and 100; (IV) topologies with the 

logistics sigmoid (logsig) activation function in the 

neurons of the intermediate(s) layer(s) and the 

function identity (pureline) in the output neurons; 

(V) topologies with different training parameters: 

learning rate ranging from 0.001 to 0.05; 

momentum term between 0.7 and 0.9 and number 

of epochs varying with 100, 1000 e 10,000 cycles. 

The tests’ tree implemented produced about 750 

different topologies tested as an attempt to 

determine a topology that would best adapt to this 

study. With the purpose of evaluating the 

performance of the topologies tested, we adopted 

the MSE (Mean of Squared Error) – a performance 

measure found in [10], which is defined by the 

Equation 2: 

 

                  (2) 

 

Where: SSE = quadratic differences between the 

output values of ANN and the values expected as 

ideals [5], n = number of examples of the training 

set (number of patterns) and p = number of 

parameters that must be estimated (quantity of 

weights of the network). 

After carrying out the tests’ tree previously 

described, the result of the topology considered the 

most suitable among the tests conducted, we 

obtained a mean of squared error for a training 

period of the neural network of 1000 cycles, 

varying from 10-1 to 10-2, as shown in Figure 4. 

 
Fig. 4. Performance of the neural network chosen during the 

training phase.  

 

The topology considered the most suitable 

among the tests conducted was the one using the 

algorithm TRAINGDX with one intermediate layer 

and one output layer. In addition, that topology had 

the first intermediate layer with thirteen (13) 

neurons with the  logistics sigmoid activation 

function and output layer with six (6) neurons and 

activation function identity (pureline), with learning 

rate of 0.01 and momentum term of 0.9 with 1000 

training epochs. The test set that was used to obtain 

the final result of the case study is made of 

seventeen (17) points. Figure 5 shows the final 

topology adopted. 

 

 

 

NORTH COORDINATE

EAST COORDINATE

PEDOLOGY

GEOLOGY

VEGETATION

GEOMORPHOLOGY

IW {1,1}

B {1}

IW {2,1}

B {2}

SIX INPUTS THIRTEEN NEURONS

TRB

SIX NEURONS

LAYER INPUT INTERMEDIATE LAYER OUTPUT LAYER

Fig. 5. Topology Chosen. 

 

C. Result of the Prediction of Geotechnical 
Characteristics 

 

In order to measure the performance of the model 

proposed after the training and validation phases, 

we presented, for the model considered the most 

suitable in the previous phases, a set of data that 

had been excluded from the training phase, called 

set of testes. We simulated the behavior of the 

neural network already trained for the set of tests 

and the results obtained presented an accuracy rate 

in the prediction of the soil type (TRB 

classification) of 88%. These results are shown in 

Table 3, through a comparison between real 

classification and neural classification. 
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TABLE III 

 Results of the prediction of geotechnical characteristics. 

Biophysical Outputs 
Output of  

ANN 
Real Output Accuracy 

Rates 
Pedology Geology Vegetation Geomorphology TRB 

PS  M SAE DS A-2-4 A-2-4 OK 

PS  M SAE DS A-2-4 A-2-4 OK 

PS  M SAE DS A-2-4 A-2-4 OK 

PS  M SAE TC A-1-b A-1-b OK 

PVA M SAE DS A-2-4 A-2-4 OK 

PS  M SE SIMR A-2-4 A-2-4 OK 

PS  M SAE DS A-2-4 A-2-4 OK 

PVA S A TC A-2-4 A-2-4 OK 

PVA M A SIMR A-2-4 A-2-4 OK 

PVA M A SIMR A-2-4 A-2-4 OK 

PVA S A SIMR A-2-4 A-2-4 OK 

SL I A SIMR A-2-4 A-2-4 OK 

PVA S A SIMR A-2-4 A-2-4 OK 

PS  I A SIMR A-2-4 A-1-b NÃO 

SS M SE DS A-2-4 A-2-4 OK 

SS M SE DS A-2-4 A-1-b NÃO 

PVA S A SIMR A-2-4 A-2-4 OK 

          TOTAL 88% 

Legend: PS (Solodic Planosol); PVA (Red-Yellow Podzolic); SL (Litolic Soils); SS (Solodized Solonetz); M (Metamorphic); I(Igneous); S 

(Sedimentary); SEA (Arboreal Steppe Savanna); SE (Steppe Savanna); A (Mixed Farming), DS (Hinterland Depression); 

TC (Coastal Plateaus) and SIMR (Low Mountains, Inselbergs and Residual Massifs) 

 
D. Neural-Geotechnical Mapping of Caucaia 

Basing on the results of prediction of the TRB 

classification by the neural model adopted, it was 

possible to make an estimate for the whole Town of 

Caucaia, by considering the accuracy rate obtained 

in the tests carried out with the topology chosen for 

this research through the spatialization of these 

estimates, called neural-geotechnical mapping.  

In order to carry out the mapping, we based on 

705 points generated in all of the territory of 

Caucaia. For that, a grid was generated in the whole 

area under study with equidistances of 1000 m 

through ArcGIS. Later on, a point was inserted in 

the centroid of each small grid that constitutes the 

grid. To those points, we added biophysical 

information (pedology, geology, vegetation and 

geomorphology) and also the East and North 

coordinates. These points were then exported to 

Excel where they were numerized and normalized. 

After that, the neural network was run with these 

points with the topology chosen for this study, with 

the only purpose of generating spatialized estimates 

for the town of Caucaia. 

With the results obtained by the neural model, a 

theme map (see Figure 6) with the TRB 

classification was generated for the town of 

Caucaia. Besides, we mapped the conservation 

units, the indigenous lands, the coastal areas (dunes 

and estuaries), environmental protection area and 

areas of permanent preservation from which one 

should not extract any material to be used in civil 

construction. Figure 6 is a map showing the neural-

geotechnical mapping of Caucaia town. 
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Fig. 6. Neural-Geotechnical Map of Caucaia town. 

VII. FINAL CONSIDERATIONS 

Based on the map shown in Figure 6, we 

constructed Figure 7 which presents the percentual 

prediction of TRB classification of the soils 

occurring in the town of Caucaia. In Table 4, we 

show the areas of each soil class in relation to the 

total area of Caucaia. 

         
           

                      TABLE IV 

           Areas of the soils mapped. 

TRB Area (hm²) 

A-2-4 48746,35 

A-1-b 13746,47 

A-2-6 4192,19 

A-4 1852,36 

A-6 194,99 
                        Fig. 7. Percentage of the soils map 

  

Unfortunately, in spite of the several attempts 

made, it was not possible to have access to the 

geotechnical studies of all the highways existing in 

the town of Caucaia. Besides, even in the 

geotechnical studies to which we had access, not all 

of the points had the TRB classification nor had the 

information that enabled us to get that 

classification. Therefore, the set of data available 

for the modeling was limited, both from the 

quantitative point of view - there was only 113 

points – and from the qualitative point of view, 

since the spatial distribution of the points was 

largely concentrated along the BR-222 highway, so 

that there weren’t any data in vast areas of the 

town. 

Even with the reduced amount of data 

(geotechnical points) for a better generalization of 

the soils of the town of Caucaia and the possible 

absence of some soil types that were not present in 

the sampling, the neural model was able to reach a 

satisfactory accuracy rate in spite of the restrictions, 

both quantitative and spatial. 

Basing on the analysis of the results obtained, we 

can notice that the variables used as input data 

(pedology, geology, vegetation and 

Classification TRB
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geomorphology), obtained from maps with reduced 

scales, when used alone are insufficient to generate 

the estimates of the geotechnical characteristics of 

the subgrade with a precision higher than that 

obtained in this study, mainly because of the great 

homogeneity of these characteristics in the study 

area. 

A possibility to improve the performance of this 

modeling may be the substitution of the data of the 

phytophysiognomic vegetation classification for 

those of the morphologic vegetation classification, 

what was not tested in this research. For this, we 

suggest the use of a morphologic vegetation 

classification, besides substituting the petrographic-

geological map for a petrologic-geological map 

which has a higher stratification than the one used 

here. 

Finally, we collected 20 random samples to 

check the efficacy of the ANN model proposed.  

These samples were submitted to liquid limit (LL) 

tests, plastic limit (PL) tests and particle size 

distribution by sieving, and were plotted in Figure 

6. This way, we classified the 20 samples by the 

TRB method. Table 5 shows the comparison 

between the TRB classification carried out in a 

laboratory and the prediction made by the ANN 

model. 

By comparing the results, we noticed an accuracy 

rate of 80% by the ANN model, which is a very 

promising result. In the future, we intend to expand 

the quantity of samples to check the efficacy of the 

mapping carried out, as well as updating this 

mapping by resting on data of new highway 

projects that might be obtained. 

 
TABLE V 

 Comparison between the ANN prediction and the laboratory results.  

Sample 1 2 3 4 5 6 7 8 9 10 

TRB A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 A-5 A-2-4 A-2-4 A-2-4 A-2-4 

RNA A-2-4 A-2-4 A-2-4 A-2-6 A-1-b A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 

Sample  11 12 13 14 15 16 17 18 19 20 

TRB A-2-4 A-4 A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 

RNA A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 A-2-4 

 

VIII. CONCLUSION 

Basing on the results obtained, we observe that it 

is possible to model the subgrade’s behavior of a 

certain place by resting on the biophysical 

characteristics and to use this modeling to help with 

the decision-making process concerning the use of 

soils for paving purposes.  

In addition, it is possible to determine the 

geotechnical characteristics resting on other 

variables, namely the biophysical variables. In spite 

of that, we suggest, as an attempt to refine and 

improve the performance of this modeling, the use 

of other variables that influence soil formation, 

such as the following characteristics: geochemistry, 

climatology, morphologic vegetation classification 

and petrologic geological classification. We 

recommend the use of maps in scales more suitable 

for extracting these variables, what can possibly 

improve the results although we know that there is 

not much investment in the production of maps 

with better scales by authorities.  

The research carried out in this study was able to 

develop a methodology to estimate the geotechnical 

characteristics of soils, using secondary data that 

provided a previous knowledge about those 

characteristics without having to go to the study 

area and spending money on previous soil sounding 

in that area. This practice of using secondary data 

will help reduce costs and accelerate the decision-

making process.  

The methodology here proposed indicates that 

the artificial neural networks technique is a 

promising modeling tool to generate the estimates 

of geotechnical characteristics of the TRB 

classification. We suggest, for future studies, the 

application of the same technique for the prediction 

of other geotechnical characteristics, such as CBR 

(California Bearing Ratio) and/or the resilient 

modulus (RM), necessary for paving projects by 

empirical or mechanistic methods. 

 

IX. SCOPE AND LIMITATIONS 

The main objective this work is to provide 

estimates of localization and classification of 

subgrades of a given region, to support decision-

making process when selecting materials that are 

compatible with different purposes in pavement. 

The model created relied on artificial neural 

networks and used biophysical attributes as 

exploratory variables.  The proposed methodology 

can in theory be applied to other regions where 

biophysical data and highway geotechnical studies 

are available. These data will be used for 

calibration of the model parameters. The model 

performance and overall usefulness has been 

assessed throughout a case study in the town of 

Caucaia, located in the metropolitan area of 

Fortaleza-Ceará-Brazil. The results indicated a 88% 

success rate as a measure of the model 

effectiveness. 



                    International Journal of Engineering & Technology IJET-IJENS Vol:12 No:05                               74 

                                                                                                           129005-7373-IJET-IJENS © October 2012 IJENS                                                                    I J E N S 

ACKNOWLEDGEMENTS 

The authors of this article would like to thank the 

Foundation for the Support of Scientific and 

Technological Development of the State of Ceará 

(FUNCAP) for financing this research as well as 

CAPES for the scholarships awarded to the two 

Master’s students involved in this investigation.  

REFERENCES 

[1] ARONOFF, S. (1989) Geographic information systems: A 

management perspective. WDL Publications, Ottawa, 

Canadá. 

[2] BARROS, E. U. A. (1996) Utilização do geoprocessamento 

no estudo de suscetibilidade à erosão na área de influência 

da UHE – Barra do Peixe. Dissertação de Mestrado, 

Departamento de Engenharia Civil, Universidade de 

Brasília, Brasília - DF, 119p. 

[3] BARROSO, S. H. A. (2002) Estudo dos solos da região 

metropolitana de Fortaleza para aplicação na Engenharia 

Rodoviária. Tese de Doutorado, EESC-USP, Departamento 

de Transportes, EESC/USP. 

[4] BIONDI NETO, L. et al. (2006) Neuro-CPT: Classificação 

de solos usando-se Redes Neurais Artificiais. Artigo obtido 

na Revista Engevista, v. 8, n. 1, p. 37-48. 

[5] BOCANEGRA, C. W. R. (2002) Procedimentos para tornar 

mais efetivo o uso de Redes Neurais Artificiais em 

planejamento de transportes. Dissertação de Mestrado. 

USP-São Carlos, Departamento de Engenharia de 

Transportes. São Carlos-SP. 

[6] BRAGA, A. P.; CARVALHO, A. P. L. F.; LUDERMIR, T. 

B. (2000) Redes Neurais Artificiais: teoria e aplicações. 

Editora LTC, Rio de Janeiro, RJ. 

[7] BURROUGH, P. A. (1986) Principles of geographical 

information systems for land resources assessment. 

Clarendon Press, Oxford, 193p. 

[8] CÂMARA, G.; MEDEIROS, C. B.; CASA NOVA, M. A.; 

HEMERLY, A.; MAGALHÃES, G. (1996) Anatomia de 

sistemas de informação geográfica. Escola de Computação, 

SBC. 

[9] COUTINHO NETO, B. (2000) Redes Neurais Artificiais 

com o Procedimento para Retroanálise de Pavimentos 

Flexíveis. Dissertação Mestrado. Escola de Engenharia de 

São Carlos, São Paulo. 

[10] DA SILVA, C. A. U. (2003) Um método para estimar 

observáveis GPS usando Redes Neurais Artificiais. Tese de 

Doutorado, EESC-USP, Departamento de Transportes, São 

Carlos, SP. 

[11] DEARMAN, W. R. (1991) Engineering Geological 

Mapping. Butterworth e Heinemann, Oxford, 387p. 

[12] DEMUTH, H., BEALE, M. (2009) Neural Network 

Toolbox for use MATLAB. The MathWorks, Natick, MA. 

[13] DIAS, L. S. O. (2006) Identificação de áreas suscetíveis a 

deslizamento de informações geográficas. Dissertação de 

Mestrado, UFBA, Departamento de Engenharia Ambiental 

Urbana, Salvador, BA. 

[14] DIAS, R. D. et al. (1995) Proposta de metodologia de 

definição de carta geotécnica básica em regiões tropicais e 

subtropicais. Artigo obtido na Revista IG, v. especial, São 

Paulo, SP. 

[15] EMBRAPA (1973) Levantamento exploratório de 

reconhecimento de solos do Estado do Ceará. Convênio de 

mapeamento de solos MA/DNPEA-SUDENE/DRN e 

MA/CONTAP/USAID/ETA. v. 1 e v. 2. Recife, 

Pernambuco. 

[16] FORTES, L. R. G. M. (1998) Processo de modelagem de 

dados em sistema de informação geográfica. Dissertação de 

Mestrado, Escola Politécnica, Universidade de São Paulo, 

São Paulo, 211p. 

[17] HAYKIN, S. (1999). Neural networks – A Comprehensive 

Foundation, 2
a
 edition. Prentice Hall. New Jersey. 

[18] JALES, A. W. L. (2009) Estimação de volumes de tráfego 

com base na morfologia urbana. Estudo de caso: cidade de 

Fortaleza-CE. Dissertação de Mestrado, UFC, 

Departamento de Engenharia de Transportes, Fortaleza, CE. 

[19] MIRANDA, T. C. (2008) Mapeamento das Unidades 

Geotécnicas e Desenvolvimento de um Sistema de 

Informações Geográficas para Área de Abrangência da 

Rodovia BR-101/RS. Dissertação de Mestrado, UFRS, 

Departamento de Engenharia Civil, Porto Alegre, RS. 

[20] NOGAMI, J. S. V.; VILLIBOR, D. F. (1995) Pavimentação 

de baixo custo com solos lateríticos. Editora Vilibor, São 

Paulo, SP. 

[21] NUNES, T. V. L. (2003). Método de Previsão de Defeitos 

em Estradas Vicinais de Terra com Base no Uso das Redes 

Neurais Artificiais: Trecho de Aquiraz – CE. Dissertação de 

Mestrado, Programa de Mestrado em Engenharia de 

Transportes, Universidade Federal do Ceará, Fortaleza, CE, 

118 fls. 

[22] PINTO, C. DE S. (2002) Curso Básico de Mecânica dos 

Solos – 3ª Edição. São Paulo, Oficina de Textos, 2002. 

[23] RODGHER, S. F. e G. T. P. FABBRI, A. C. P. L. 

CARVALHO, (1997) A Utilização de Redes Neurais 

Artificiais para Classificação de Solos Tropicais. XI 

Congresso de Ensino e Pesquisa em Transportes – ANPET. 

Anais, v. 1, p. 51-59, Rio de Janeiro. 

[24] TOMLIN, D. (1990) Geographic information systems and 

Cartographic Modeling. Prentice Hall, New York. 

[25] VALENTE, A. L. S. (2000) Proposta metodológica de um 

banco de dados geotécnicos para uso em sistemas de 

informações geográficas (SIG) e sua aplicação no 

município de Porto Alegre, RS. Teoria e Prática na 

Engenharia Civil, No. 1, p. 87-95. 

[26] VIEIRA, L.S, VIEIRA, M. N. F. (1983) Manual de 

morfologia e classificação de solos. São Paulo, Ed. Agron. 

Ceres.  

[27] VIEIRA, L.S. (1975) Manual da Ciência do Solo. São 

Paulo. Editora Agronômica Ceres Ltda. 464P. 1975. 

[28] ZUQUETTE L.V. (1981) [a] Mapeamento geotécnico 

preliminar na região de São Carlos. Dissertação de 

Mestrado, Departamento de Geotecnia. Departamento de 

Geotecnia, Escola de Engenharia de São Carlos, 

Universidade de São Paulo. 

[29] ZUQUETTE, L. V. (1987) [b] Análise crítica da cartografia 

geotécnica e proposição metodológica para condições 

brasileiras. Tese de Doutorado, EESC/USP, São Carlos, SP, 

637p. 

[30] CYBENKO, G. (1989). "Approximation by Superpositions 

of a Sigmoidal Function," Math. Control Signals Systems, 2, 

303-314. 

 


