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ABSTRACT 

Degrading linear assets such as railway track deteriorate and lose 

their functionality over time and usage. A reliable and effective 

predictive maintenance strategy is necessary to rehabilitate the 

functionality and reliability of these assets. Data analytics are 

required to be performed to extract the information used for the 

decision-making process and for implementing an optimized 

maintenance strategy. Accordingly, data pre-processing and data 

quality improvement are essential to remove errors in measurements 

and develop efficient data analysis methods. Inaccurate 

measurement positioning is a common error in track geometry 

measurements which causes track geometry single defects suffer 

from an uncontrolled shift called positional error. To reduce the 

positional errors of track geometry measurements, this paper 

presents two alignment methods i.e., modified correlation optimized 

warping (MCOW) and recursive segment-wise peak alignment 

(RSPA). MCOW is a profile-based method that align all the 

measurements with the same priority, while RSPA is a featured-

based method that only focuses on the alignment of peaks with high 

amplitudes in the geometry measurements. To evaluate and compare 

the performance of these methods in aligning track geometry 

measurements, a case study was conducted. The results show that 

RSPA can precisely align the single defects, while the MCOW is 

more efficient when considering the same importance for aligning 

every single data-point. 
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1. INTRODUCTION 
The railway track geometry deteriorates continually over time and 

deviates from its intended vertical and horizontal alignment due to 

various factors such as frequent load from the train’s wheels and 

environmental effects. Consequently, enhancing or maintaining the 

track's quality through rehabilitation and upgrading of existing lines 

or building new lines is crucial. The track geometry quality is 

assessed through regular inspections performed on the same track. 

Evaluating the track geometry degradation rate and predicting the 

occurrence of geometry defects based on the information gathered 

from these inspections are essential for development of predictive 

models for geometry defects and maintenance planning. To predict 

the occurrence of geometry defects, precise positioning of the track 

geometry is of utmost importance. 

Generally, track geometry measurements are impacted by positional 

errors, which are uncontrolled shift, stretching, or compression of 

the measurements. Different sampling positions of the 

measurements in each inspection, slipping or sliding the wheel on 

the rail, wheel wear, and rail wear are some factors which cause 

positional errors in track geometry measurements. Positional errors 

negatively affect the accuracy of geometry conditions evaluation 

and defects prediction. To minimize positional errors in frequent 

inspections and make previous data useful for modeling and 

forecasting, track geometry measurements should be aligned with 

high precision.  

There are a few studies that have tackled the alignment of track 

geometry data. Pedanckar [1] used Pearson's correlation coefficient, 

Selig et al. [2] utilized the cross-correlation function (CCF), and Li 

and Xu [3] used an optimization model to align measurement data 

with historical data. These studies aimed to align data from different 

inspection runs with a constant shift. To address alignment of 

datasets that were shifted, stretched, or compressed, Xu et al.  [4], 

[5] and Palese et al. [6] applied dynamic time warping (DTW) and 

dynamic sampling position matching, respectively. These methods 

match data-points in new inspections with the most similar data-

points in previous ones. Wang et al. [7] took advantage of combining 

the measurements of multiple track geometry parameters to enhance 

the alignment precision of the datasets in different inspections runs. 

Khosravi et al. [8] proposed a combined method using the recursive 

alignment by fast Fourier transform (RAFFT) and correlation 

optimized warping (COW) methods. This combined method not 

only provides accurate alignment of datasets, but also maintains 

their original shape and has a manageable computational time and 

memory usage. Furthermore, Khosravi et al. [9] Proposed a 

modified COW (MCOW) for alignment of track geometry 

measurements. This alignment method overcomes the limitation of 

COW in aligning the datasets that have shifts in the beginning and 

ending of the datasets and it aligns the datasets with higher speed. 

All the above-mentioned studies have considered alignment of track 

geometry data using profile-based methods that align all the data-

points of the datasets with the same priority. However, it is more 

crucial to align geometry defects (high-amplitude peaks) as the key 

features in track geometry measurements. Thus, a feature-based 

alignment method that focuses on aligning peaks only, rather than 

all data points, may be more efficient. Accordingly, this paper 

introduces recursive segment-wise peak alignment (RSPA) as a 

feature-based method and compares its performance with the 

MCOW method. A comprehensive case study was conducted on 

measurement data from a line section in the Main Western Line in 

Sweden to evaluate the proposed method's efficiency and 

applicability. Additionally, an in-depth analysis of the effects of the 

RSPA and MCOW methods on the shape of track geometry defects 

and reducing their positional errors was carried out. 



The rest of the paper is structured as follows: Section 2 outlines the 

basics of MCOW and RSPA methods. The case study is presented 

in Section 3. Section 4 analyzes the feasibility of the methods in 

aligning track geometry measurements through a case study and 

shows a comparison of the results obtained using RSPA and 

MCOW. Finally, in Section 5, conclusions are drawn and future 

research directions are suggested. 

2. Methodology 
The following subsections present a summary of the theories related 

to MCOW and RSPA methods. 

2.1 Modified correlation optimised warping 
Let suppose two datasets as follows: 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛}  
(1) 

𝑌 = {𝑦1, 𝑦2, … , 𝑦𝑚}  

where 𝑋 is the reference dataset with 𝑛 data-points and 𝑌 is another 

dataset with 𝑚 data-points, which is called the unaligned dataset 

herein. MCOW aligns the two datasets by breaking them down into 

smaller parts of length 𝐿 and producing 𝑁 segments. Considering 

that 𝑛 and 𝑚 may not be equal, the final segments of 𝑋 and 𝑌 have 

lengths of 𝐿 + ∆𝑋 and 𝐿 + ∆𝑌, respectively, where the additions, ∆𝑋 

and ∆𝑌 represent the additional data-points present in the respective 

segments. Figure 1 shows schematic depiction of segmentation in 

MCOW. As Figure 1 shows, the beginning and end points of each 

segment in 𝑌 may vary by an amount equal to the slack (𝑠). This 

creates new segments that are shifted, stretched, or compressed 

relative to the original segment. It is important to note that 𝐿, which 

transforms the problem into a segment-wise problem, must not be 

less than (2𝑠 + 1). By shifting, stretching, or compressing each 

segment considering the slack, (2𝑠 + 1)2 new segments are 

obtained from each segment in 𝑌, which can be compared with their 

corresponding segments in 𝑋. The similarity between the generated 

segments for each segment in 𝑌 and their corresponding segment in 

𝑋 is calculated using a correlation coefficient function. Prior to 

computing the correlation coefficient for the segments, linear 

interpolation is applied to equalize the length of the generated 

segments to that of their corresponding segments in 𝑋. Finally, to 

align 𝑌, the most appropriate combination of the generated warping 

must be established across all segments. Detailed information on 

MCOW is available in the literature [9]. 

2.2 Recursive segment-wise peak alignment 
The RSPA method is employed to match the positions of the peaks  
in one dataset with those in a reference dataset. In the first step, 

RSPA identifies the peaks whose heights surpass a specified 

threshold in both datasets 𝑋 and 𝑌. Then, the segments in the 𝑌 are 

recursively aligned with their corresponding segments in the 𝑋 in a 

top-down manner. At first, the entire 𝑌 is aligned with the entire 𝑋, 

and then the alignment process moves forward by focusing on 

smaller segments. The alignment continues until either the length of 

the segments is below a certain threshold (𝐿𝑚𝑖𝑛) or the correlation 

between the two segments (𝜌𝑠(𝑇, 𝑋)) surpass 𝛿. The value of 𝐿𝑚𝑖𝑛 

is stablished based on the narrowest peak width and the value of 𝛿 

is set to 0.5 [10]. The fast Fourier transform cross-correlation 

method is employed as a similarity measure to find the shift between 

the segments in 𝑌 and their corresponding segments in 𝑋. The final 

aligned dataset is constructed by combining the aligned segments.  

 

Figure 1. schematic depiction of segmentation in MCOW 

 

In order to prevent unnecessary shifting and enhance the alignment 

accuracy, RSPA takes the slack into consideration as an input. 

Detailed information on RSPA is available in the literature [10]. 

2.3 Evaluation methods 
According to literature  [8], an effective alignment method must 

meet three primary goals: provide accurate alignment of the 

datasets, preserve the original shape of the datasets, and align with 

a reasonable amount of time. For this purpose, simplicity score, peak 

factor, and time needed for alignment are employed to assess the 

performance of alignment methods. The simplicity score gauges the 

alignment's accuracy by examining the traits of the singular value 

decomposition, as specified in Equation (2). The peak factor 

assesses the methods' proficiency in retaining the original shape of 

the measurements, as outlined in Equation (3). 

Simplicity  

= 𝑠𝑢𝑚 ((𝑆𝑉𝐷 (
[𝑇;𝑋′]

∑ 𝑇2(𝑖)+𝑋′2(𝑖)𝑛
𝑖=1

))

4

) 
(2) 

𝐹𝑖𝑟𝑠𝑡 

𝑆𝑒𝑔𝑚𝑒𝑛𝑡 

Reference dataset (𝑋) 

Unaligned dataset (𝑌) 

Aligned dataset (𝑌′) 

𝑛 2𝐿 3𝐿 1 𝑁𝐿 𝐿 (𝑁 − 1)𝐿 

𝑛 − 𝑠 

∆𝑇 
𝐿𝑎𝑠𝑡 𝑆𝑒𝑔𝑚𝑒𝑛𝑡 

1 + 𝑠 

2𝐿 3𝐿 𝑁𝐿 𝐿 (𝑁 − 1)𝐿 1 

∆𝑋 

𝐿𝑎𝑠𝑡 𝑆𝑒𝑔𝑚𝑒𝑛𝑡 

𝑚 − 𝑠 1 + 𝑠 

𝑚 

𝐿 + 𝑠 𝐿 − 𝑠 2𝐿 + 𝑠 

𝑛 

𝐸𝑥𝑎𝑚𝑝𝑙𝑒 

𝑜𝑓 𝑚𝑖𝑑𝑑𝑙𝑒 
𝑆𝑒𝑔𝑚𝑒𝑛𝑡 

2𝐿 − 𝑠 

1 



𝑃𝑒𝑎𝑘 𝐹𝑎𝑐𝑡𝑜𝑟 = (1 − 𝑚𝑖𝑛 (|
‖𝑋′(𝑖)‖ − ‖𝑋(𝑖)‖

‖𝑋(𝑖)‖
| ,1 )

2

) (3) 

For further information on the simplicity score and peak factor, 

including the rationale for their use, readers may refer to the 

literature [8], [11] 

3. Case Study 
A case study was conducted to compare the performance of RSPA 

and MCOW methods in aligning track geometry measurements, 

using data collected from line section 414 located between Järna and 

Katrineholm Central Station in Sweden. The study included 14 

inspection runs conducted between 2016 and 2018, and 

measurements taken by IMV200 and IMV100 at speeds ranging 

from 60-170 km/h with a sampling distance of 25 cm. The 

longitudinal level data for each inspection run were divided into 

datasets of length 1 km, with reference datasets selected based on 

the mean correlation coefficient criterion recommended in  [8]. The 

alignment methods were then applied, with a slack of 60 and a 

segment length of 125 in MCOW, given the maximum position 

variation between datasets was around 15 m (60 data points). 

4. Results and Discussion 
In this paper, the performance of MCOW and RSPA was assessed 

by considering their ability to align entire datasets and the peaks 

within those datasets. Accordingly, the simplicity score and peak 

factor are employed to evaluate the performance of methods in 

aligning both the datasets as a whole and the peaks individually. 

Additionally, the positional errors of single defects in the datasets 

were computed. 

Figure 2 displays the average simplicity scores for MCOW and 

RSPA, which were calculated for the entire length of the line 

section. In Figure 2a, the simplicity scores for the aligned datasets 

and their corresponding references are shown, while Figure 2b 

presents the simplicity scores for peaks in the aligned datasets and 

their corresponding peaks in the references. Both MCOW and RSPA 

were able to increase the simplicity score above 0.8 for most of the 

datasets after alignment, as seen in Figure 2a. However, the red 

circles in Figure 2b indicate that RSPA performs better than MCOW 

in aligning the peaks of the datasets, with simplicity scores closer to 

one. It should be noted that the simplicity score is not only affected 

by the accuracy of the alignment but also by inherent differences in 

the values of the data-points in the corresponding datasets [8].  

 
(a) 

 
(b) 

Figure 2. average simplicity scores for MCOW and RSPA: 

(a) entire length of the datasets, (b) peaks 

Since the track longitudinal level deteriorates over time, the 

measurements in different inspection runs are not entirely alike, 

which leads to the maximum simplicity score being less than one 

most of the time, even in the absence of any positional error. 

Therefore, both methods exhibit a higher performance in aligning 

the peaks of the datasets, as shown in Figure 2b where the simplicity 

scores are closer to one. 

Figure 3 displays the average peak factor for MCOW and RSPA. 

Figure 3a demonstrates that in some instances, the peak factor 

results produced by RSPA (indicated by red circles) are very low, 

indicating that this method does not always yield satisfactory results 

for the peak factor. However, in Figure 3b, the red circles 

demonstrate that the peak factor results obtained by RSPA for only 

the peaks in the datasets are very close to one, indicating that RSPA 

is highly effective in maintaining the original shape of the peaks. 

Additionally, the green circles in Figure 3a and b indicate that the 

MCOW can maintain the original shape of the aligned datasets to a 

high degree, with approximately the same peak factor value for all 

areas. 

 
(a) 



 
(b) 

Figure 3. average peak factor for MCOW and RSPA: (a) 

entire length of the datasets, (b) peaks 

It should be noted that the simplicity and peak factor results obtained 

by these methods can be influenced by adjustments to their 

parameters. Choosing a higher slack value may increase the 

simplicity score obtained by the methods, but it may also result in a 

decrease in the peak factor score. 

The precise identification of single defects is critical in track 

geometry maintenance planning, making the reduction of positional 

errors in different inspection runs a top priority. As such, the 

performance of MCOW and RSPA in reducing positional errors of 

single defects that exceed the planning limit (as defined in [12]) was 

investigated. Figure 4 displays the positional error results for single 

defects of the longitudinal level after alignment using the MCOW 

and RSPA methods. The figure demonstrates that, in the majority of 

cases, there is no positional error between defects, and for more than 

90% of single defects, the positional errors dropped below 0.25 m. 

This is a significant improvement considering the measurement 

sampling interval of 0.25 m. 

 
(a) 

 
(b) 

Figure 4. Positional error after alignment using (a) RSPA, 

(b) MCOW 

The speed at which the methods align the datasets is also a critical 

evaluation criterion. This criterion was assessed by using the 

methods to align track geometry measurements of varying lengths 

and different slack values. The methods were executed on a personal 

computer equipped with Intel® Core™ i7 Processors (1.9 GHz) and 

32 GB of memory, using the MATLAB R2021b platform. Figure 5 

displays the results of the evaluation. The figure illustrates that 

selecting different slack values does not impact the time required for 

alignment by RSPA. However, a higher slack value can significantly 

increase the time required for alignment by MCOW. Moreover, it 

can be observed that when slack is low, both RSPA and MCOW can 

align the datasets at a high speed, whereas when slack is high, 

MCOW is much slower than RSPA. 

 

Figure 5. Time needed to align datasets with different 

lengths using the alignment methods by considering 

different maximum shift in datasets. 

To delve deeper into the results of MCOW and RSPA, let's 

concentrate on two datasets that contain longitudinal level data 

collected in two different inspection runs, with a window of 1 km. 

Each dataset covers approximately 4000 data-points, with a 

sampling interval of about 25 cm. One of the inspections is used as 

a reference dataset, while the other is treated as an unaligned dataset. 



Figure 6a displays these two datasets, indicating a non-constant shift 

between them (with a positional error of 62 points between two 

defects at the beginning of the datasets and 24 points between two 

defects at the end). Both RSPA and MCOW can precisely align 

single defects and high-value peaks, as demonstrated in Figure 6b 

and c, respectively. However, upon closer inspection, it becomes 

apparent that aligning the datasets using RSPA causes some parts of 

the aligned datasets to deform, whereas MCOW aligns the datasets 

without deformation, as shown in Figure 6c. 

Figure 7 displays two sections of the datasets before and after 

alignment using RSPA and MCOW. To ensure comparability, they 

are aligned based on points 3440 and 3350 in Figure 7a and b, 

respectively. As shown in these figures, MCOW slightly stretches 

or compresses the dataset without warping its shape. However, 

RSPA causes sporadic warping that stretches or compresses the 

dataset while keeping it intact in other points, as seen in Figure 7a. 

It's worth noting that this warping mostly occurs in data-points with 

low values (close to zero). Nevertheless, Figure 7b indicates that the 

parts that include single defects or high-value peaks are unaffected 

by warping. This explains why the peak factor results obtained by 

RSPA (as shown in Figure 3) are precise for single defects but not 

satisfactory for the whole datasets. 

 

Figure 6. Alignment of datasets: a. reference and unaligned datasets, c. alignment using RSPA, c. alignment using 

MCOW 
 

 
a 



 
b 

Figure 7. Comparing a part of dataset before and after alignment by RSPA and MCOW, a. alignment 

of areas with low values, b. alignment of peaks 
 

after comparing the discussed methods, it can be concluded that 

RSPA is a useful approach for aligning measurements when the 

preservation of the shape and alignment of single defects is 

important, time is a critical factor, and there is a high maximum 

position variation between the datasets. On the other hand, MCOW 

is a suitable option when all data-points in the datasets are equally 

important to be aligned. MCOW is capable of precisely aligning 

datasets while maintaining their shape. Additionally, when the 

slack is low, MCOW is faster than RSPA. 

5. Conclusion 
This article compares two different approaches for aligning track 

geometry measurements: feature-based and profile-based methods. 

The feature-based method, RSPA, aligns the peaks of the datasets, 

while the profile-based method, MCOW, aligns all data points 

equally. The methods were tested on railway track geometry data 

collected from 14 inspections. RSPA proved to be fast and efficient 

at aligning peaks, while MCOW was better at preserving the shape 

of the aligned data. However, RSPA struggled with aligning entire 

datasets, while MCOW was able to do so effectively. Both methods 

were able to reduce positional errors to below 0.25 meters in more 

than 90% of cases.  

These results can aid in selecting the appropriate method for 

aligning track geometry measurements to improve the analysis and 

prediction of track geometry degradation. 
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