
1 INTRODUCTION

In recent decades, railways are experiencing higher 
demands for transportation of passengers and 
freights (Lindfeldt 2015). One way to meet the de-
mand is to use the existing railway infrastructure 
more efficiently. This would be possible by imple-
menting an effective maintenance and renewal plan
to use the maximum infrastructure capacity. The 
first and foremost step in making any decision re-
garding investment on track maintenance and re-
newal is to know about the current and future status 
of tracks’ condition. To identify the real state of the 
track, regularly inspection cars run over the track 
and record the track geometry measurement data
(Soleimanmeigouni et al. 2018b). Later on, the data 
recorded by measurement cars are used to assess the 
condition of track and to predict the future state of 
the track. Once the future state of the track is pre-
dicted, it would be possible for infrastructure man-
agers to evaluate the effect of various maintenance 
strategies. Then, the effect of maintenance strategies
on track reliability, availability, affordability, and 
track safety and risk can be assessed.
Prediction of track geometry degradation is a com-
plex task as many factors such as traffic, structural 
factors, environmental factors, and maintenance his-
tory contribute differently in degradation of track 
geometry (Soleimanmeigouni et al. 2018a). In order 

to accurately forecast the future sate of track geome-
try degradation, it is imperative to consider the effect 
of the mentioned influencing factors on track ge-
ometry degradation. Once the features (influencing 
factors) of track sections along with the measure-
ment data recorded by inspection cars are available, 
it would be possible to use a data driven model to 
predict track geometry degradation for each track 
section (Lee et al. 2018). ANN is a powerful data 
driven model which widely used for prediction pur-
poses. In the field of railway track maintenance, 
ANNs have been recently used as data analytic 
methods because of their capability in handling huge 
amount of data, learn from data, and their generali-
zation ability (Karlaftis & Vlahogianni 2011). For 
example, Guler (2014) used ANN to forecast track 
geometry degradation rate using a set of factors. 
Based on the achieved results, the author mention 
that ANN can be used for prediction of track geome-
try degradation. Sadeghi & Askarinejad (2012) ap-
plied ANN to determine a correlation between track 
geometry defects and track structural problems. The 
authors developed a set of models by considering 
standard deviation of gauge, longitudinal level, 
alignment, and twist as ANN input and rail, sleeper, 
ballast, and fastening defects as ANN output. Final-
ly, the authors stated that by having recorded meas-
urement data, it would be possible to efficiently pre-
dict track structural conditions. In Lee et al. (2018), 
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ANN and support vector regression (SVR) were 
used to predict track geometry degradation by con-
sidering a set of influencing factors. The authors
used standard deviation of longitudinal level as track 
quality indicator (TQI). In this work, structure type, 
curvature, velocity, MGT, TQI value after tamping 
or ballast renewal, and number of tamping interven-
tions are inputs to ANN model and the TQI value is 
the output of ANN. Moridpour et al. (2017) used 
ANN to predict gauge widening in tram track by fo-
cusing on the track curves.
The aim of this study is to predict track geometry 
degradation rate using ANN. Standard deviation of 
longitudinal level, maintenance history, and asset in-
formation for five lines in Swedish railway network 
were collected to train and validate the ANN model. 
A pre-analysis has been done on input variables us-
ing ANOVA and correlation analysis to identify the 
statistical significance of each input parameter. Fi-
nally, a set of ANN models with different number of 
neurons in hidden layer were developed and the
ANN model with the best performance was deter-
mined by means of coefficient of determination and 
mean square error. The developed model can be 
used for the purpose of track maintenance planning 
by predicting the track geometry degradation over a 
track line.
The rest of the paper is constructed as follow. The 
dataset used to develop ANN model is explained in 
section 2. Section 3 provides information regarding
ANN inputs and output. In Section 4 a pre-analysis 
is performed to identify the important factors affect-
ing track geometry degradation rate. Section 5 pre-
sents the results of the developed ANN model. Fi-
nally, section 6 provides the conclusion.

2 ARTIFICIAL NEURAL NETWORK

Artificial Neural Network (ANN) consists of simple 
elements which operate in parallel and these ele-
ments are inspired by biological neurons systems 
(Demuth & Beale 2004). The structure of ANNs are 
usually constructed of three parts including input 
layer of neurons, one or several hidden layers, and 
output layer of neurons. Figure 1 shows a typical 
structure of ANN with input layer consisting of j 
neurons, one hidden layer with i neurons and an out-
put layer.

The first layer (input layer) receives the infor-
mation from the environment. The inputs (xj) multi-
plied by adjustable connection weights (wi,j). Then, 
the weighted inputs summed and a bias (bi) is added 
to them. The results (ni) pass through a activation 
function (f) to make the output. The output of each 
layer (si) becomes the input to the next layer and this 
process continue to reach to the output layer. This
process is presented in equations (1) and (2). 

= Σ , × +  (1) 

 = ( ) (2) 

There are different activation functions that are 
selected based on the bounds of the output values 
and their characteristics. The most common func-
tions are step function for binary values, linear func-
tion for continuous un-bounded values, sigmoid 
function and tan-sigmoid function. The neurons of 
the last layer, output layer, predict values and com-
pare the output and the target and resulted errors are 
used to update the network weights and biases. 

Figure 1. Typical structure of ANN

ANN uses a learning rule to find optimal connec-
tion weights which are able to map input to output 
with minimum possible error (Shahin 2016). Leven-
berg-Marquardt (LM) algorithm is one of the well-
known learning methods which widely used to de-
termine optimal connection weights (Lee et al.
2018). In this study, LM algorithm is used to train 
the ANN model. In addition, there are several ways 
to assess the performance of ANN model such as 
mean-squared error, sum of squared error, average 
absolute error, coefficient of determination, and av-
erage absolute percentage error. In this study, coeffi-
cient of determination (R2) and mean-squared error 
(MSE) are used to evaluate the performance of the 
developed ANN model.= 1 − ∑ ( )∑ ( ) (3) 

= ∑ ( ) (4) 

where m is the measured value, p is the predicted 
value, and N is the number of data points.

3 DATA COLLECTION
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In order to develop the ANN model, the standard 
deviation of longitudinal level (SDLL) recorded by 
measurement cars, maintenance history, and railway 
asset information related to five track lines in Swe-
den were collected. The information about the lines 
are presented in Table 1. The SDLL data for all lines 
were taken from Optram which is the system that
has been used since 2007 by Trafikverket (the Swe-
dish Transport Administration) for studying the 
measurements performed on track and overhead 
lines (Soleimanmeigouni et al. 2018). The lines are 
divided into different track sections with different 
lengths, mostly between 100 m to 300 m. The length 
of the track sections are based on the location (e.g. 
straight line, curve, transition) and the existence of 
assets (e.g. switches and crossing, road crossing) in 
the track section. 
The maintenance history (including time and loca-
tion of tamping actions) and the asset information is 
extracted from BIS database. BIS is an asset register 
database which contains information on infrastruc-
ture and facilities, agreements, and the history of 
tamping and grinding (Khouy et al. 2014). In this 
study, the recorded maintenance history since 2000 
was used to extract the number of tamping that has 
been conducted to each track section. In addition, for 
all track sections twelve attributes including: speed 
class, level cross, bridge, drum, sleeper type, rail 
type, ballast type, sleeper age, ballast age, annual 
traffic, average annual frequency of trains passing 
along the track, and curvature were collected from 
BIS.

Table 1.  Information of each line used as case study____________________________________
Line 
no.

Track 
Length 
(km)

No.
inspec-
tions

No.
track 
sections

Minimum 
inspection 
date

Maximum in-
spection date

416 63 48 333 24-10-2007 07-11-2018
311 36 36 204 29-03-2011 20-11-2018
422 38 42 205 02-11-2007 27-06-2018
511 44 50 238 01-04-2007 07-11-2018
612 35 33 199 19-03-2011 07-11-2018

4 INPUT AND OUTPUT OF ANN MODEL

In order to have an accurate prediction of track ge-
ometry degradation, it is highly important to have a
good understanding of factors affecting track degra-
dation. In this study, geometry degradation is char-
acterized by SDLL and ANN model is used to pre-
dict the track geometry degradation rate. It is 
assumed that the geometry degradation in a mainte-
nance cycle has a linear behaviour. Based on several 
discussions with railway maintenance experts in 
Trafikverket and INFRANORD companies, fourteen
factors were considered as the initial inputs for the 
ANN model. The selected inputs are: (1) track speed 
class, (2) sleeper type, (3) sleeper age, (4) ballast 
type (M and M1), (5) ballast age, (6) rail type, (7) 

level cross, (8) bridge, (9) drum, (10) average annual 
traffic load in Million Gross Tone (MGT), (11) av-
erage annual frequency of trains passing along the 
track, (12) maintenance history, (13) degradation 
value after tamping, and (14) curvature. Regarding
the ballast type, since less than 1% of the dataset be-
longed to ballast type “M”, this factor was excluded 
from the list of inputs. In the list, bridge, drum, and 
level cross are dummy variables. In addition, sleeper 
age and ballast age were transformed from continu-
ous to categorical variable by putting every ten years 
in a group. In the next section, statistical analysis 
will be carried out on input parameters to assess 
their level of significance.

5 EFFECT OF INFLUENCING FACTORS ON 
TRACK GEOMETRY DEGRADATION RATE

Before developing the ANN model, the statistical 
analysis were carried out to identify the significant 
factors affecting the track geometry degradation rate. 
ANOVA test was conducted for categorical varia-
bles. The null hypothesis in the test is that the mean
of different categories of a variable is equal. The re-
sults of the test showed that the P-values for all cat-
egorical variables are close to zero, which rejects the 
null hypothesis with 5% significant level. It means 
all variables are statistically significant. In addition, 
correlation analysis was used for continuous varia-
bles. The null hypothesis is that there is no relation-
ship between predictor and dependent variable. The
results of the correlation analysis test showed that 
for all continuous variables (degradation value after 
tamping and curvature), the null hypothesis is reject-
ed at 5% significant level. Therefore, based on 
ANOVA and correlation analysis, all thirteen factors 
are significant and will be considered as input pa-
rameters to ANN model.

6 RESULTS

In this study, Matlab programs were used to con-
struct the ANN model. The input of ANN model are 
those thirteen features that introduced and found to 
be statistically significant in section 5 and the output 
of the model is degradation rate. After cleaning the 
data and removing the track sections with missing 
features, a dataset consists of 61951 observations 
was used to construct the ANN model. Since the in-
put parameters are in different ranges, normalization 
was carried out to the original input data before con-
structing the ANN model. The new dataset values 
are within the range of 0.0 to 1.0. The output varia-
ble was not normalized because it is in the range of 
0.0 to 1.0. The 80% of the data was used to train and 
remaining 20% of the data to test the model. The 
training set is used to obtain an optimal connection 
weights of ANN model, while the test set is used to 
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assess the performance of the model (Nejad & Jaksa 
2017).

Table 2 shows the results of ANN models with 
different number of neurons in hidden layer. R2 and
MSE for training and test data were used to make 
decision regarding ANN model with the best per-
formance. As can be seen, the MSE of train and test 
for ANN model with ten neurons in hidden layer are 
close to each other with the values of 0.000581 and 
0.000895, respectively. In addition, by increasing 
the number of neurons from three to twenty, the R2

of the train set increase, but R2 of the test set will
decrease for ANN models with number of neurons 
more than ten. Hence, the ANN model with ten neu-
rons in hidden layer has the best performance. The 
plot of predicted degradation rate by ANN model 
versus the measured degradation rate for all dataset 
is shown in Figure 2. The results indicate that the 
ANN model perform well with R2= 0.892, and 
MSE= 0.00067. In addition, a comparison between 
measured and predicted values by ANN model for 
the test set is presented in Figure 3. The figure clear-
ly shows that predicted degradation rate values have 
a good agreement with the measured degradation 
rate values for different range of values.

Since maintenance history plays a significant role 
in prediction of track geometry degradation, it is 
recommended to use the proposed model for predic-
tion of track lines which their maintenance history 
are available. Therefore, for new lines and lines 
without available maintenance history, the model 
need to be assessed with more data from new lines. 

Table 2.  Performance of ANN model with different number of 
hidden neurons

Train Test

no. hidden 
neurons R2 MSE R2 MSE

3 0.88 0.000726 0.679 0.0031

5 0.893 0.000697 0.806 0.0025

7 0.899 0.000623 0.820 0.0012

10 0.905 0.000581 0.859 0.000895

15 0.9188 0.000502 0.809 0.0013

20 0.941 0.000393 0.766 0.0017

Figure 2. Predicted versus observed degradation rates for all 
dataset

Figure 3. Comparison between measured and predicted degra-
dation rates for test dataset

7 CONCLUSION 
This paper investigates the application of Artificial 
Neural Network (ANN) in prediction of track geom-
etry degradation. Thirteen features were used to pre-
dict track geometry degradation rate. A number of
ANN models with different number of neurons in
hidden layer were tested to find an ANN model with
the best performance based on the results of R2 and 
MSE. ANN model with ten neurons in hidden layer
showed the best performance for prediction of track 
geometry degradation rate. The results showed that 
ANN is capable to predict track geometry degrada-
tion rate of each track section. The developed ANN 
model can be used for the purpose of track geometry 
maintenance planning by predicting track geometry 
degradation and maintenance needs.
Based on the consultation with experts in Trafikver-
ket and INFRANORD companies, soil type, the ex-
istence of water (water level) and vegetation are
some other factors that may contribute in degrada-
tion of track geometry. In addition, environmental 
conditions such as snow and temperature can also 
affect the degradation of track geometry. However, 
since the environmental conditions were almost the 
same for all selected lines as case study, this factor 
was not considered in the developed ANN model. 
The current model can be improved by adding fea-
tures related to soil type, water level, the existence 
of vegetation on the track, and environmental condi-
tion.  
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