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1. Introduction 
The railway is a one-dimensional system and poor data quality (DQ) will most likely 
lead to incorrect maintenance decisions, such as decisions to take wrong actions or no 
action at all when maintenance is needed. The DQ exerts an influence on the 
maintenance actions taken, and an inappropriate maintenance action will in turn lead to 
a failure that consumes availability and capacity (1) and secondary failures can arise. 
This will entail excessive downtime for the infrastructure and the rolling stock (2).  
 
Considering the inherent characteristics of the capacity of a railway system (3), the 
failure-driven capacity-consuming events within a railway network should be kept to a 
minimum. This can be achieved by the use of an appropriate condition-based 
maintenance (CBM) which can use condition monitoring systems (CMS) to detect, 
diagnose and predict failure events at an early stage to support the maintenance 
decisions. CMS can be either reactive or proactive in their approach. One characteristic 
of the reactive approach is that it provides a better possibility of finding and 
understanding trends in the deterioration of the affected item, and then analysing the 
condition of the item in question for maintenance decision support (4) (5). 
 
The optimal use of data from CMS requires the data to have a high credibility, 
availability, and accuracy, as well as good repeatability. Data can be assessed according 
to a different number of dimensions (6) (7), and this paper deals with the data quality 
dimension of freedom from error.  
 
However, it is well known that errors and noises are added to the data by the data 
acquisition and data processing. Therefore, the DQ needs to be considered in the data 
recording and improved if need be. This investigation concerns a comparison of two 
measurement units that show different results, which is not acceptable and needs to be 
taken into consideration in this application, as well as rectified. The proposal for 
enhancement of the DQ is to use a statistical comparison of the units and, if the results 
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do not pass the hypothesis formulated, an alarm is triggered and action is needed. By 
using the proposed check routine, the DQ will increase, which will result in more 
trustworthy data for the maintenance optimisation of wheels, the prediction of wheel 
degradation, and the modelling and simulation of wheels. Furthermore, this 
investigation shows that greater attention must be focused on the DQ of the WPMS.    
 
Section 2 of the paper starts by presenting WPMS and regular wheel parameters, and 
Section 3 deals with the data assessment and describes a case study. The paper ends 
with a presentation of conclusions drawn. 
 
2. Condition-based maintenance and data quality 
CBM is a maintenance approach that belongs to the preventive maintenance policy (8) 
and is appropriate to apply when corrective maintenance is not suitable, when there is a 
measurable parameter that indicates the onset of failure, and when it is possible to 
identify a value of the parameter with thresholds (9). CBM is becoming more and more 
important in maintenance strategy making since the pressure of the higher availability of 
assets being demanded by stakeholders is increasing, and CBM possesses the potential 
to optimise item repair (10) by using different prognostic tools (11). Data acquisition is 
one of the key steps of CBM (12), since it offers information to the other steps in the 
process which finally use the collected data for decision making (13). In connection with 
the above, important issues have arisen concerning DQ, such as the provision of 
trustworthy information for prognostics and diagnostics for decision makers. The DQ in 
the acquisition step can, for instance, be improved by robust sensors (14). DQ is also 
important for reducing the incidence of false alarms and missed hits (15). Moreover, 
calculations of the remaining useful life of an item need subjective observations of a 
high DQ for statistical models (16), and fault diagnostics also need a certain level of DQ, 
although different tools are used for data processing (17). 
 
3. Automatic wheel profile measurement systems (WPMS) 
The advantages of automatic WPMS are improved safety, reliability and efficiency, as 
well as more effective maintenance actions, leading to a higher train availability and 
less failure-driven capacity consumption (5). The only WPMS installed in Sweden is 
located in a track section situated in the southernmost part of the Iron Ore Line. This 
WPMS can measure the wheel profile for speeds up to 140 km/h. The data are delivered 
to the operator for improvement of the wheel maintenance (18). The WPMS consists of 
four sub-units, two on the gauge sides and two on the field sides of the rails. These units 
contain a laser, a high-speed camera, and an electronic control system. When a train 
passes the boxes housing these units, the first wheel triggers a sensor and the protective 
cover opens, the laser beam starts to shine, and then the camera takes pictures of the 
laser beam projected onto the surface of the passing wheels. These pictures are 
converted to wheel profiles and the system describes the flange height, flange width, 
flange slope, tread hollow and rim thickness. The measurement accuracy for this 
camera- and laser-based technology is around 0.1 mm (19). The WPMS consists of two 
different main units, the far and the near unit, see Figure 1. 
 
Figure 2 shows an example of a worn wheel profile together with an original wheel 
profile shape, with the wheel measurements that explain the condition of the wheel: the 
flange height (Sh), flange width (Sd), flange slope (qR) and tread hollowing (TH). The 
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major reasons for re-profiling wheels (excluding wear caused by heavy haul traffic) are 
wear of the flange and hollow wear.  
 
 

  
Figure 1. The automatic WPMS with 
its near and far measurement units.  

 
 

Figure 2. Original and worn wheel 
profiles, with the wheel profile 

parameters. Sh: flange height, Sd: 
flange width, qR: flange slope, and TH: 

tread hollowing. 
 
4. Ensuring the DQ of the automatic WPMS 
 
4.1 Data flow from sensor to decision support 
Condition monitoring (CM) can be divided into different data processing blocks, and 
one approach consists of six stages according to Figure 3. Each block has many 
different functions, with the assessment of the DQ being performed in the first three 
blocks, namely the data acquisition block, data manipulation block and state detection 
block (SDB). The output of the SDB should define the data as good, bad or 
undetermined. This research study focuses on the DQ in the SDB (the third block), and 
examples of outputs from this block are threshold boundary alerts, the severity of 
threshold boundary deviation, the range of alerts, and statistical analyses using 
parametric and non-parametric approaches (13).  
 

 
Figure 3. Data processing block diagram according to the EN 13374 standard (13). 
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The present investigation focuses on the functions performed in the SDB, introducing a 
check comparing the data from the different data sources, ensuring higher DQ and 
increasing the quality of the health assessment, prognostic assessment and advice 
generation. The sources in this study consist of two main measurement units belonging 
to an automatic WPMS that is in service.  
 
4.2  Case study of data from a WPMS 
The data collected concern the wheel parameters Sd, Sh, qR and TH, which are 
explained in Figure 2. The WPMS was calibrated and the data come from all eight 
wheels of one iron ore wagon. The number of automatically generated data is 56. The 
measurements were taken at random locations on the wheel circumference. The data 
come from trains operating during a 10 day period and the travelling distance during 
this period was around 3,068 km, as estimated from the planned operational profile of 
the wagon. This distance is only 1.5% of the distance between two consecutive wheel 
re-profiling actions, and consequently the wheel wear occurring over this short distance 
can be ignored.  
 
4.2.1 Paired T-test of  the wheel parameters 
A paired T-test of the values of the wheel parameters Sd, Sh, qR and TH obtained from 
the WPMS was performed to show if there was a difference between the means of the 
respective parameters measured by the far and near units of the system. The null 
hypothesis H0 was according to Equation 1. 

µF-unit-µN-unit = 0.    (1) 
 

The question was whether H0 could be rejected. If H0 was rejected, then one could say 
that there was a difference between the measurement outputs of the far and near unit. 
This test was conducted with 28 wheel measurements made by each measurement unit 
on the same wagon with the level of confidence set to 95%.  
 
The paired formulas used for these four calculations were as follows: paired T for Sd F - 
Sd N, paired T for Sh F - Sh N, paired T for qR F – qR N and paired T for TH F - TH N. 
Table 1 to Table 4 below show the mean value, standard deviation and SE-mean 
(standard error of the mean value) of the far and near measurement unit for the 
parameters Sd, Sh, qR and TH.  
 
Table 1. Parameter results from the T-test for Sd and for the far and near unit of 

the WPMS. 
Parameter Mean StD SE Mean 
Sd F 28.214 1.738 0.328 
Sd N 28.156 1.408 0.266 
Difference 0.058 1.363 0.258 

 
A 95% confidence interval (CI) was used for the mean difference of Sd (-0.470; 0.587). 
The T-test of the mean difference of Sd = 0 (vs ≠ 0) gave the following values: T-value 
= 0.23 and P-value = 0.823.  
 
The H0 could not be rejected when the P-value was > 0.05 and the interval of the mean 
difference with a 95% CI covered zero. In other words, the measurements of Sd for the 
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far and near unit did not differ for a CI of 95%. Figure 4 shows the histogram of SdFar -
SdNear with a 95% CI, and the hypothesis H0 and x .   
 

 
Figure 4. Histogram of differences with a 95% CI for the wheel parameter Sd, 

comparing the far and near unit. 
 
Table 2. Parameter results from the T-test for Sh and for the far and near unit of 

the WPMS. 
Parameter Mean StD SE Mean 
Sh F 31.460 1.912 0.361 
Sh N 32.173 1.900 0.359 
Difference -0.7125 0.3482 0.0658 

 
A 95% CI was used for the mean difference of Sh (-0.8475; -0.5775). The T-test of the 
mean difference of Sh = 0 (vs ≠ 0) gave the following values: T-value = -10.83 and P-
value = 0.000. 
 
The H0 could be rejected when the P-value was < 0.05 and the interval for the mean 
differences did not cover zero. In other words, for a CI of 95% the measurements of Sh 
for the far and near unit differed. Figure 5 shows the histogram of ShNear -ShFar, with a 
95% CI, and the hypothesis H0 and x .    
 

 
Figure 5. Histogram of differences with a 95% CI for the wheel parameter Sh, 

comparing the far and near unit. 
 

Table 3. Parameter results from the T-test for qR and for the far and near unit of 
the WPMS. 

Parameter Mean StD SE Mean 
qR F 10.193 1.011 0.191 
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qR N 10.875 1.054 0.199 
Difference -0.6821 0.3654 0.0690 

 
A 95% CI was used for the mean difference of qR (-0.8238; -0.5405). The T-test of the 
mean difference of qR = 0 (vs ≠ 0) gave the following values: T-value = -9.88 and P-
value = 0.000. 
 
The H0 could be rejected when the P-value was < 0.05 and the interval for the mean 
differences did not cover zero. In other words, for a CI of 95% the measurements of qR 
for the far and near unit differed. Figure 6 shows the histogram and the boxplot of 
qRNear -qRFar, with a CI of 95%, and the hypothesis H0 and x .    
 

 
Figure 6. Histogram of differences with a 95% CI for the wheel parameter qR, 

comparing the far and near unit. 
 
Table 4. Parameter results from the T-test for TH and for the far and near unit of 

the WPMS. 
Parameter Mean StD SE Mean 
TH F 0.446 0.605 0.114 
TH N 0.343 0.527 0.100 
Difference 0.1036 0.1290 0.0244 

 
A 95% CI was used for the mean difference of TH (0.0535; 0.1536). The T-test of the 
mean difference of TH = 0 (vs ≠ 0) gave the following values: T-value = 4.25 and P-
value = 0.000.  
 
The H0 could be rejected when the P-value was < 0.05 and the interval for the mean 
differences did not cover zero. In other words, for a CI of 95% the measurements of TH 
for the far and near unit differed. Figure 7 shows the histogram of THNear -THFar, with a 
CI of 95%, and the hypothesis H0 and x .    
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Figure 7. Histogram of differences with a 95% CI for the wheel parameter TH, 

comparing the far and near unit. 
 
5. Discussion  
The case study verifies that the two measurement units had, in these samples, different 
results for the same wheel for measurements of Sh, qR and TH with a CI of 95%. This 
is also shown by the differences in the mean values between the measurement units, see 
Table 2 to Table 4. By incorporating a comparison of the measurement units, one can 
increase the DQ with respect to the dimension of freedom from error. The proposed 
comparison can be implemented in the SDB of the block process diagram, see Figure 3. 
At present the measurement system is calibrated each year and the data presented in this 
study were generated after the calibration. Therefore, data checks need to be performed 
continuously to ensure the DQ, so that data from both units can be mixed in processing 
for maintenance decisions. This can be accomplished using a floating approach with an 
appropriate amount of values. 
 
6. Conclusions  
After a calibration of the WPMS, different measurement units showed different results 
for the same wheel, which needs to be taken into consideration in the data processing. 
This investigation proposes a check comparing the data provided by the units to ensure 
the DQ with respect to the dimension of freedom from error and to increase the 
precision for decision support. The calibration routines need to be updated to avoid 
different results emanating from different units. Further work should include 
repeatability and variance aspects of the data and define the threshold limits for them. 
The future calibration can be based on the DQ instead of time, which can increase the 
added value coming from this WPMS. 
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