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Urban-rail operators must convert routine track-geometry inspections into 
operational maintenance decisions across heterogeneous superstructures, 
yet age-based schedules and per-rail mean defects obscure the underlying 
deterioration mechanism. This paper develops an operations-intelligence 
framework that turns repeated geometric measurements into an 
explainable, data-driven ranking of sections by maintenance urgency. The 
framework is applied to 374,610 measurement points from 18 Budapest 
tramway sections, sampled 6 to 8 times over 2.3 years. Six analytical layers 
combine descriptive statistics; both-rail unified metrics including the 
EN 13848 track twist; an EN 13848-style Track Quality Index; hierarchical 
mixed-effects models; bootstrap (B = 10,000) and Theil–Sen confidence 
intervals; and AIC-based linear-versus-exponential model selection. 
Degradation proceeds mainly through twist generation – right- and left-rail 
slopes correlate strongly negatively (r = −0.864, p < 0.0001, n = 18). 
Concrete-slab gauge depends strongly on age (R² = 0.72, n = 24); mixed-
effects models attribute 60.3% of gauge variance to between-section 
identity; the linear model is selected in 94% of fits; and a 3.0 mm threshold 
flags four sections for intervention within ten years. The pipeline feeds 
directly into operational decision-making and maintenance management 
systems and is transferable across sectors, relying on periodic condition 
monitoring. 
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1. Introduction 

Maintenance of urban rail track assets sits at the intersection of three engineering disciplines: 
permanent way design, condition-based monitoring, and operational decision support. As city 
operators transition from fixed-interval inspection regimes toward genuine predictive-maintenance 
pipelines, they require quantitative tools that translate raw geometric measurements into actionable 
rankings of sections by maintenance urgency [1]. This deterioration is driven by identifiable physical 
mechanisms, notably the accumulation of differential settlement in zones of unsupported sleepers 
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[2]. A growing body of data-driven and AI-based tools has been proposed to anticipate it [3, 4]. The 
challenge is non-trivial: rail networks operate mixed fleets of superstructure designs that age 
qualitatively differently, and the operational loads carried by individual sections vary by an order of 
magnitude across the network [5]. The wheel loads that individual sections actually carry can be 
quantified from axle loads using quasi-static wheel–rail load models [6]. Throughout this paper, the 
term operations intelligence denotes the systematic conversion of routine condition-monitoring data 
into explainable, decision-ready outputs — here, a transparent ranking of track sections by 
maintenance urgency — that an operator can act on without further interpretation; it is the analytical 
bridge between raw geometric measurement and the maintenance decision. 

In the heavy-rail context, the European standard EN 13848-5 [7] has provided a stable answer to 
this question for more than two decades: standard deviations of longitudinal level, alignment, gauge, 
and cross-level are computed over fixed-length segments and compared against tiered thresholds 
(alert, alert action, intervention). In urban rail and especially in tramway operations, however, no 
comparable harmonized framework has gained traction. Two structural reasons account for the 
lacuna. First, the standard 200 m segment length adopted in EN 13848 often exceeds the length of a 
tramway test section. Second, the dominant superstructure designs in urban rail – concrete-slab 
tracks and continuously embedded resilient systems – behave physically very differently from the 
ballasted tracks for which the EN 13848 thresholds were calibrated [8]. These structural differences 
also have downstream consequences: track condition influences vehicle-side quantities such as 
running resistance and traction energy use [9], and condition assessment of discrete components 
such as crossings has been approached by combining statistical and mechanical reasoning [10]. 

The empirical record on tramway track-geometry deterioration has expanded substantially in the 
past five years. Multi-decade longitudinal datasets from Zagreb [5] and from selected Budapest lines 
[11–13]; probabilistic piecewise degradation models calibrated on mainline data provide the 
methodological backdrop [14]; the mechanical basis of such models — the rail treated as a beam on 
an elastic foundation — has been refined through new approximate analytical solutions [15]; and 
further degradation-modelling studies [16–18] have established that deterioration rates of urban 
tracks span a range nearly as wide as that observed on mainline networks, despite the lower axle 
loads. The original Budapest campaign [11, 12] focused on twenty-one sections representing seven 
superstructure variants and reported per-rail mean settlements, alignments, and gauge values across 
6–8 measurement epochs spanning 2021–2023. As is appropriate for a first pass on a new dataset, 
the original analysis treated each rail of each section as an independent univariate time series, 
summarized by its absolute mean. 

One remaining problem is the characterization of a single-track section in which the two rails are 
deteriorating in opposite directions. This problem is formulated by questions (i) to (iii). (i) The per-
rail mean masks inter-rail asymmetry so strongly that so-called track twist defects can significantly 
affect the horizontal vehicle dynamics. (ii) Cross-sectional analyses of all sections of the six 
superstructure systems studied within this paper are problematic, since the sections of a single 
system were of different years of construction and even of different amounts of load. Thus, the 
partial identification of a system effect goes clearly beyond the indicators commonly used for 
condition assessment in practice [19]. (iii) The restriction of the use of the intervention data in an 
even stronger sense is due to the lack of a formal framework for the construction of confidence 
intervals for the per-section degradation slopes. 

The authors introduce a statistical analysis framework that, within a single computational 
framework of six analysis layers ranging from simple summaries through modeling to prediction, 
answers all of the questions above for the first time. While each analysis layer is straightforward, the 
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framework as a whole is novel and serves as the core of an emerging framework for urban rail asset 
management. The framework is here applied to the entire unique data set under study, comprising 
18 sections of track from six different superstructure types, yielding some 374,610 individual 
measurements, to produce a single relational database. The resulting ranking of the sections by 
maintenance urgency accounts for the current geometric condition of the sections and predicts 
remaining life for two intervention thresholds. 

The remainder of this paper is structured as follows. Section 2 surveys related work on tramway 
track geometry deterioration and on the EN 13848 framework. Section 3 specifies the data sources 
and instrumental properties. Section 4 develops the six-layer statistical framework. Section 5 
presents the principal numerical results. Section 6 discusses practical implications and the limitations 
of the approach. 

 
2. Related Work 
2.1 Tramway track deterioration: longitudinal evidence 

Ahac and Lakušić [5] established a multi-decade gauge-degradation model for tramway tracks on 
the Zagreb network, demonstrating that the cumulative gauge widening is well approximated by a 
power-law function of accumulated tonnage; piecewise-linear models of geometric evolution on 
mainline tracks provide a complementary methodological reference [14]. Their model – directly 
applicable to network-level planning – abstracts away from the question of which side of the track is 
responsible for the observed widening. Soleimanmeigouni et al., [20] predicted geometry-defect 
evolution on a case-study line using probabilistic models that likewise aggregated over the two rails. 
The original Budapest studies [11–13] introduced the elastically supported continuous rail bedding 
(ESCRB I-III) [13] as an explicit category of analysis; related work has examined how superstructure 
maintenance affects the track geometry of regional lines [21] and the long-term behavior of 
resiliently padded concrete sleepers on reduced ballast beds [22]. Still, they retained the per-rail 
mean as the primary summary statistic. The present paper extends this line of work by lifting the per-
rail-mean restriction and revisiting the same Budapest data under the joint inter-rail framework. 

 
2.2 EN 13848 and the segment standard deviation 

Soleimanmeigouni et al., [1] surveyed thirty years of mainline track-geometry modeling and 
identified the segment standard deviation as the de facto industry-standard summary statistic, with 
the EN 13848-5 200 m segment length and the EN 13848-1 D1 wavelength band (3–25 m) as the 
dominant choices. The transfer of these conventions to urban tramway practice has been 
incremental. Farkas [23] reviewed inertial track-geometry measurement practice and segmenting 
conventions, and related work has extended geometry-based quality assessment toward automated 
defect detection [24, 25]. Berawi et al., [26] argued for a 25 m segment as the most appropriate 
compromise between sample size and spatial resolution, consistent with later track-quality-index and 
segmentation studies [27–29]. The present paper adopts the 25 m segment convention. 

 
2.3 Mixed-Effects Models in Railway Condition Monitoring 

The use of hierarchical linear mixed-effects models for railway condition data is comparatively 
recent. Sysyn and co-workers [30, 31] applied random-intercept models to crossing-defect data. They 
recovered intraclass correlation coefficients of approximately 0.5 for vertical deflection, 
demonstrating that approximately half of the observed variance is attributable to persistent crossing-
by-crossing differences; in a related vein, Andrade and Teixeira [32] modeled mainline track-
geometry degradation with hierarchical Bayesian models. Sysyn et al., [33] linked ballast interlocking 
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and residual stress to load-dependent settlement behavior in heavy-haul tracks. To the best of the 
authors' knowledge, the present paper is the first application of mixed-effects variance partitioning 
to a multi-section tramway dataset. 

 
2.4 Twist Generation and Asymmetric Settlement 

The mechanism by which a symmetric ballast or slab initially settles preferentially under one rail 
has received considerable attention over the past five years. Sysyn et al., [34] used track-side inertial 
monitoring and machine-learning analysis to demonstrate that the residual rail-base displacement 
after a fixed number of load cycles is asymmetric whenever the lateral force component at the wheel-
rail interface is non-zero, even when the vertical component is symmetric. This residual-settlement 
behavior has been characterized at the ballast-box and grain scale [35, 36] and complemented by 
track-level methods for detecting localized ballast breakdown [37]. Kou et al., [38] documented the 
closely related process at crossings, where crossing wear governs rolling-contact-fatigue damage of 
the frog rail, and localized crossing deterioration has been quantified from axle-box acceleration and 
train-hunting analyses [39, 40]; by analogy, the present paper attributes cant (twist) defect growth 
on tangent track sections to the same asymmetric residual-displacement mechanism. The present 
paper provides what appears to be the first quantitative confirmation of this mechanism across an 
entire tramway network. 

 
2.5 Cognitive Mobility and the Operator Perspective 

The cognitive-mobility framework [41–44] reframes urban-mobility quality assessment to 
integrate the cognitive and perceptual dimensions of movement experience. This perspective also 
connects to the broader mobility demand generated by ongoing agglomeration development [45] 
and to the broader sustainability agenda, including the decomposition of transport-related carbon 
dioxide emissions [46] and the optimization of multimodal freight routing [47]. For tramway 
operators, this reframing has three practical implications: ride-quality perception scales with the 
lateral and vertical acceleration content excited by twist and settlement defects in the 0.5–5 Hz 
range; rolling-stock dynamic response, and hence wear, scales with the time-integrated track-
geometry quality, which onboard tram vehicle-dynamics measurements make directly observable 
[48]; and the visible cleanliness and audible smoothness of the line both feed back into modal-choice 
behavior, an outcome increasingly emphasized in sustainable-mobility transport policy [49]. A 
quantitative ranking of superstructure variants by geometric deterioration rate is therefore a 
foundational input to subsequent cognitive-mobility-aware decisions. 

 
3. Data 
3.1 Test-Section Selection and Measurement Campaign 

Eighteen test sections in operational service on the Budapest tramway network were measured 
repeatedly between June 2021 and October 2023 (Table 1). 
 
Table 1 
Eighteen test sections grouped by superstructure variant, with installation year, annual load, and number of 
measurement runs 

Section Variant Installed Load [MGT/y] # runs Rail/embedment/sleeper 

ZK-1 Ballasted 1985 1.97 8 54E1 Vignol rail / crushed-stone ballast / RC sleeper 

ZK-2 Ballasted 1987 1.19 8 Vg48 Vignol rail / crushed-stone ballast / RC sleeper 

ZK-3 Ballasted 2002 3.92 8 
49E1/MA48 Vignol rail / crushed-stone ballast / RC 
sleeper 
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Table 1 
Continued 

Section Variant Installed Load [MGT/y] # runs Rail/embedment/sleeper 

ZK-4 Ballasted 2018 5.73 8 MA48 Vignol rail / crushed-stone ballast / RC sleeper 

BL-1 
Concrete-
slab 

1986 4.15 8 54E1 rail / direct fastening / cast RC slab 

BL-2 
Concrete-
slab 

2001 6.90 8 MA48 rail / ICOSIT underpour/cast RC slab 

BL-3 
Concrete-
slab 

2010 4.62 8 49E1 rail / ICOSIT underpour/cast RC slab 

RF.I-1 ESCRB I 2008 4.12 6 59R2 grooved rail/rubber profile / Gantry clip 

RF.I-2 ESCRB I 2003 3.77 6 59R2 grooved rail/rubber profile / Gantry clip 

RF.I-3 ESCRB I 2014 6.98 6 59R2 grooved rail/rubber profile / Gantry clip 

RF.II-1 ESCRB II 2011 4.72 6 59R2 grooved rail / CDM profiles / RC slab 

RF.II-2 ESCRB II 2014 5.74 6 
59R2 grooved rail / CDM profiles / RC longitudinal 
beam 

RF.II-3 ESCRB II 2016 9.18 6 59R2 grooved rail / CDM profiles / RC slab 

RF.II-4 ESCRB II 2014 4.30 6 59R2 grooved rail / CDM profiles / RC slab 

RF.III-1 ESCRB III 2001 6.90 6 51R1 grooved rail / Edilon Corkelast / bridge RC slab 

RF.III-2 ESCRB III 2009 4.12 6 53R1 grooved rail / Edilon Corkelast / RC slab 

RF.III-3 ESCRB III 2014 6.97 6 51R1 grooved rail / Edilon Corkelast / bridge RC slab 

RF.III-4 ESCRB III 2018 12.84 6 59R2 grooved rail / SIKA embedment / RC slab 

 
The sections collectively represent six superstructure systems: four ballasted (ZK) sections, three 

concrete-slab (BL) sections, three ESCRB I sections, four ESCRB II sections, and four ESCRB III sections. 
Each open (non-embedded) section was measured eight times across the campaign; each embedded 
section was measured six times. Sections were selected to span installation years from 1985 to 2018 
and annual loads from 1.19 to 12.84 million equivalent gross tons (MGT) per year. Geometric 
measurements within switches, road crossings, or sharp curves were excluded by construction. A 
complete listing of section attributes is given in Table 1. 

Throughout the observation period, the eighteen sections remained in normal revenue service, 
and the campaign captured their as-operated geometric condition rather than any response to 
scheduled renewal. To the authors' knowledge, no major restorative maintenance — such as 
tamping, gauge correction, or rail replacement — was performed on the investigated sections 
between the first and last measurement epochs, and every epoch was therefore retained in the 
analysis. This is corroborated by the trend results in Section 5, which show that no section exhibits a 
statistically significant negative (improving) settlement slope; a restorative intervention would 
instead appear as an abrupt improvement in geometric quality. Where the framework is applied to 
a section that does undergo such an intervention within the monitoring window, the affected series 
should be segmented at the intervention date and the degradation slope re-estimated on the post-
intervention epochs alone, since pooling measurements across the discontinuity would bias the 
estimated slope toward zero and overstate the projected remaining life. 

 
3.2 Instrument and Sampling Protocol 

All measurements were performed with the TrackScan ME 4.01 hand-held continuous track-
geometry instrument, manufactured by Metalelektro Méréstechnika Ltd. (Budapest, Hungary). The 
instrument records five geometric quantities simultaneously at 0.25 m increments along the track: 
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the track gauge (manufacturer specification ±0.01 mm), the lateral alignment of each rail 
(asymmetric 1.510 m three-point chord, ±0.025 mm), the longitudinal level (settlement) of each rail 
(asymmetric three-point chord, ±0.025 mm), and the radius of curvature [50]. Complementary 
condition information in potentially critical track zones can be obtained from vibration-based 
response measurements [51]. Measurements were conducted during nighttime traffic-free windows 
between 01:00 and 04:00 local time. The eighteen sections together comprise 374,610 measurement 
points across the campaign. 

 
3.3 Data Pre-Processing and Quality Control 

Raw instrument output was ingested into a structured relational database (Python 3.12, pandas 
2.x) after applying three quality-control filters. First, any measurement record with anomalous 
chainage increments (deviations from 0.25 m exceeding 0.05 m) was inspected manually and either 
corrected (when the cause was an instrument repositioning event) or rejected. Second, the two rail 
sides were aligned to a common chainage axis by interpolation when their native sampling grids 
differed, affecting fewer than 0.1% of all paired observations. A third aspect was that three sections 
(BL-2 in late 2022 and early 2023) used an internal index for the rail-alignment parameters, which 
differed from the chainage. This was noted, cross-referenced with the chainage column and then 
corrected as part of the pre-processing. The resulting data consist of 374,610 tuples of (section, date, 
chainage, parameter) and are in 'long' format. 

 
4. Statistical Framework 

The analysis framework is structured into 6 layers, depicted in Figure 1 and explained in more 
detail below.  

Thus, the layers of analysis range from data-near descriptive analysis via empirical models and 
hypothesis testing to more or less extrapolative prediction. Beyond the six-layer schematic, Figure 1 
doubles as a graphical abstract of the study's four principal empirical findings, shown in Panels A–D; 
each panel summarizes a result developed in full later in the paper and is presented here only to 
orient the reader. Panel A reports the settlement degradation rate across the superstructure variants 
(the per-section and per-variant rates analyzed in Sections 5.1 and 5.6). Panel B is the scatter of right- 
against left-rail settlement slopes, whose strong negative correlation (r = −0.864, p < 0.0001; reported 
in Section 5.8) is the signature of twist generation and the empirical motivation for the both-rail 
unified metrics introduced in Section 4.2. Panel C shows the age dependence of track-gauge widening 
on the concrete-slab (BL) sections (R² = 0.72; Section 5.8). Panel D shows the pooled time evolution 
of settlement per system, which serves as the raw material for the trend estimation in Section 4.4 
and the lifetime projection in Section 5.4. The panels are therefore outputs that summarize the 
analysis rather than inputs to it, and each is cross-referenced at the point where it is derived. 
 

4.1 Layer 1 – Per-Rail Descriptive Statistics 
For each (section, measurement date, geometric parameter) tuple, the following per-rail 

summary statistics are computed: arithmetic mean, absolute mean defined as the average of |x| 
over all chainage points, sample standard deviation, median, the 25th and 75th percentiles, the 95th 
and 99th percentiles of |x|, the root-mean-square RMS defined by Eq. (1), the third standardized 
moment (skewness), and the fourth standardized moment (excess kurtosis). These statistics 
constitute the data-near layer of the framework, preserving as much distributional information as 
can be summarized in scalar form. 

 RMS = √⟨𝑥2⟩ (1) 
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where RMS is the root-mean-square of the per-rail geometric parameter, x denotes the parameter 
value at an individual chainage point, and ⟨·⟩ denotes the arithmetic mean (averaging operator) taken 
over all chainage points of the section. 

 

 
Fig. 1. Graphical abstract of the six-layer framework with key empirical findings. Panel A: 

settlement degradation rate across the five superstructure variants. Panel B: scatter of right- 
vs. left-rail settlement slopes (strong negative correlation indicates twist generation). Panel C: 

track-gauge widening with section age on concrete-slab (BL) sections. Panel D: pooled time 
evolution of settlement per system. 

 
4.2 Layer 2 – Both-Rail Unified Metrics 

Three unified metrics that combine the two rails of a section are defined to address the 
asymmetry identified in Section 1. For settlement (the same definitions apply to alignment), the both-
rail absolute mean AMunified(s) is defined point-wise as in Eq. (2), the both-rail root-mean-square 
RMSunified(s) as in Eq. (3), and the EN 13848 track twist TW(s) as in Eq. (4): 

 

 𝐴𝑀𝑢𝑛𝑖𝑓𝑖𝑒𝑑(𝑠) =
|𝑟(𝑠)|+|𝑙(𝑠)|

2
 (2) 

 𝑅𝑀𝑆𝑢𝑛𝑖𝑓𝑖𝑒𝑑(𝑠) = √
𝑟2(𝑠)+𝑙2(𝑠)

2
 (3) 

 𝑇𝑊(𝑠) = |𝑟(𝑠) − 𝑙(𝑠)| (4) 
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where AMunified(s), RMSunified(s) and TW(s) are, respectively, the both-rail unified absolute mean, 
the both-rail unified root-mean-square and the EN 13848 track twist evaluated point-wise at 
chainage s; r(s) and l(s) denote the right- and left-rail settlement (or alignment) values at chainage s; 
and |·| denotes the absolute-value operator. 

Each quantity is summarized over the section by its arithmetic mean, by its 95th percentile, and 
by its maximum. The track twist, as defined here, is the urban-rail equivalent of the EN 13848-1 "track 
twist" parameter, which is computed in heavy-rail practice over a 3 m base length using cross-level 
(cant) measurements. For the unloaded measurement frame used here, the point-wise difference of 
the two rail settlements provides a direct analog. 

 
4.3 Layer 3 – EN 13848-Style Track Quality Index 

Each section is partitioned into non-overlapping 25 m segments (corresponding to 100 chainage 
points at the native sampling). For each segment, the sample standard deviation of the parameter 
value is computed. The Track Quality Index for the section is then defined as the arithmetic mean 
across all valid segments of the segment-wise standard deviation, as given by Eq. (5): 

 

 𝑇𝑄𝐼 = mean𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑠𝜎𝑠𝑒𝑔𝑚𝑒𝑛𝑡 (5) 

 
where TQI is the Track Quality Index of the section, σsegment is the sample standard deviation of the 
geometric parameter within a single 25 m segment, and meansegments denotes the arithmetic mean 
taken over all valid 25 m segments of the section. 

This is a direct adaptation of the EN 13848 segment-statistic approach to the smaller sections 
typical of tramway test campaigns. The 25 m choice approximately preserves the D1 wavelength 
band (3–25 m), which dominates the dynamic response of light-rail vehicles. 

 
4.4 Layer 4 – Trend Estimation with Robust Confidence Intervals 

For each (section, summary metric) pair, the temporal evolution of the summary across the 6 to 
8 measurement epochs is modeled by simple linear regression of the summary on time (measured in 
years from the first measurement of that section). The Ordinary Least Squares (OLS) slope provides 
the central estimate of the degradation rate. A nonparametric paired bootstrap with B = 10,000 
resamples is used to construct the 95% confidence interval on the slope; the Theil–Sen median-slope 
estimator is computed in parallel as a robustness check against influential observations. The 
statistical significance of an individual section's slope is assessed using two independent criteria: the 
OLS p-value at the 0.05 level and whether the 95% bootstrap confidence interval excludes zero. 
Autocorrelation of regression residuals is tested using the Durbin-Watson statistic. 

 
4.5 Layer 5 – Hierarchical Variance Decomposition 

A linear mixed-effects model is fitted to each summary metric across the full set of (section × 
measurement-date) observations. The fixed-effects structure includes the time variable, the 
superstructure variant as a categorical predictor, and their interaction. The random-effects structure 
includes a random intercept for section identity. From the estimated random-effect variance σ2

section 
and residual variance σ2

residual, the intraclass correlation coefficient ICC is computed as in Eq. (6): 
 

 𝐼𝐶𝐶 =
𝜎𝑠𝑒𝑐𝑡𝑖𝑜𝑛
2

𝜎𝑠𝑒𝑐𝑡𝑖𝑜𝑛
2 +𝜎𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙

2  (6) 
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where ICC is the intraclass correlation coefficient, σ2
section is the random-effect (between-section) 

variance, and σ2
residual is the residual (within-section) variance, both estimated by the linear mixed-

effects model. 
The ICC has a direct interpretation: it represents the fraction of the total variance, after 

controlling for the fixed-effects structure, attributable to persistent between-section differences 
(e.g., installation tolerances, age, structural detail, accumulated load history). All models are fitted 
by restricted maximum likelihood using the statsmodels MixedLM implementation. An analysis of 
covariance (ANCOVA) with section-level slopes as the dependent variable, superstructure variant as 
a categorical predictor, and section age and annual load as covariates is also fitted to test whether 
the variant effect persists after adjusting for the two confounders. 

 
4.6 Layer 6 – Model Selection and Lifetime Extrapolation 

For each (section, summary metric) pair, two candidate temporal models are fitted to the 
summary metric as a function of time: a linear temporal model, given by Eq. (7), and an exponential 
temporal model, given by Eq. (8): 

 

 𝑦(𝑡) = 𝑎 ⋅ 𝑡 + 𝑏 (7) 

 𝑦(𝑡) = 𝑐 ⋅ exp(𝑘 ⋅ 𝑡) (8) 

where y(t) is the value of the summary metric at time t (measured in years from the first 
measurement of the section), a and b are the slope and intercept of the linear model, c and k are the 
scale and growth-rate parameters of the exponential model, and exp denotes the exponential 
function. 

Their Akaike information criterion values are compared. The model with lower AIC (Akaike 
Information Criterion) is selected; a tabulation of the selection outcome across all (section, metric) 
pairs provides an evidence-based answer to the long-debated question of whether tramway track 
geometry deteriorates linearly or exponentially on the multi-year scale within a single maintenance 
cycle. A tentative intervention threshold θ is then specified (for the both-rail unified settlement 
absolute mean, θ = 3.0 mm, corresponding to approximately twice the median end-of-campaign 
value across the dataset). The choice of 3.0 mm is deliberately relative rather than absolute: fixing 
the trigger at roughly twice the dataset-wide median end-of-campaign value means that a section 
reaching it has departed clearly from the population of normally fluctuating in-service values and can 
be treated as a genuine outlier that warrants attention, instead of being flagged against an arbitrary 
fixed limit. Expressing the threshold in the both-rail unified settlement — the quantity whose inter-
rail twist component drives the lateral and vertical vehicle dynamics discussed in Section 2.5 — keeps 
the trigger tied to the ride-quality and safety consequences that ultimately justify intervention. The 
value is explicitly tentative and is intended to be recalibrated against each operator's own acceptance 
limits and historical maintenance records; because the remaining-life estimate of Eq. (9) contains θ 
only in its numerator, the framework recomputes both the projected horizons and the resulting 
section ranking transparently for any operator-selected threshold. The remaining lifetime for each 
section is computed by linear extrapolation of the section-level slope, as given by Eq. (9): 

 

 𝑇𝑟𝑒𝑚 =
𝜗−𝑦𝑐𝑢𝑟

𝑎𝑢𝑠
 (9) 
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where Trem is the projected remaining lifetime of the section, θ is the intervention threshold, ycur 
is the most recent observed value of the unified settlement, and aus is the section-level degradation 
slope of both-rail unified settlement. 

This is recognized as a first-order projection that ignores any non-linear acceleration toward the 
end of life; it is included in the framework as a practical input to maintenance planning rather than 
as a definitive lifetime statement. 

 
5. Results 
5.1 Heatmap of Per-Section Per-Metric Degradation Rates 

Figure 2 is a compact representation of all 18 test sections of the degradation landscape. Each 
row in the resulting heatmap represents the seven metrics for a given group of test sections: the 
gauge mean, the two metrics for right- and left-rail alignment, and the two metrics for right- and left-
rail settlement. For each group of metrics, the metrics for both rails are averaged, and for the 
alignment metrics, the averaged values for both rails are also included. The columns of the heatmap 
represent the test sections, sorted by superstructure, and the cell values are the OLS-slope values in 
mm/year. Red-colored values indicate positive values; thus, the section is degrading. Blue-colored 
values indicate negative values, either indicating that the section is improving or that it is even subject 
to reverse degradation, even though the values are very noisy. Three main statements can be made 
from this figure. First, the gauge-mean row exhibits strong red shading across the ESCRB II group 
(RF.II-1 through RF.II-4) and considerably weaker shading elsewhere, indicating that the gauge 
widens fastest on this ESCRB system. Second, the settlement rows for the right rail are predominantly 
red across nearly all sections, whereas the left-rail rows alternate; this is the visual signature of the 
asymmetric degradation pattern analyzed in detail below. Third, the variability of the alignment rows 
is substantially smaller than that of the settlement rows, consistent with the smaller dynamic range 
of alignment defects in modern urban tracks. 

 

 
Fig. 2. Heatmap of degradation rates [mm/year] across all eighteen sections (columns) and seven 

summary metrics (rows). Color encodes the OLS regression slope; vertical black lines separate 
the superstructure variants. Numerical values are the slope estimates. 

 
5.2 Distributional View of Settlement and Twist 

Figure 3 transitions from the per-section rate view to the distributional view, presenting the cross-
sectional distribution of two key indicators across all (section, measurement date) observations 
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within each superstructure variant. Panel A shows the distribution of the absolute mean of the both-
rail unified settlement. The ballasted ZK system has the highest median (≈1.0 mm) and the widest 
interquartile range, consistent with its lower vertical restraint. The four embedded systems (BL and 
the three ESCRB variants) have similar medians clustered around 0.85–0.95 mm and tighter 
interquartile ranges. Panel B shows the distribution of the EN 13848 track twist absolute mean. Here, 
too, the ZK system stands out – both medially (≈1.4 mm) and in the upper tail of the distribution – 
while the four embedded systems lie tightly clustered around a twist value of 1.2–1.3 mm. This 
visualization shows that differences among embedded variants are small on average, whereas the 
ballasted system is consistently the most defect-prone. 

 

 
Fig. 3. Distribution of two unified geometric indicators across all (section, measurement date) 

observations grouped by superstructure variant. Panel A: both-rail unified settlement absolute 
mean. Panel B: EN 13848 track twist absolute mean (|right − left| settlement). Violin widths 

show kernel density estimates; thick horizontal lines indicate medians; dots indicate individual 
observations. 

 
5.3 Bootstrap Forest Plot of Settlement Degradation Rates 

Figure 4 presents the central per-section degradation result in the standard forest-plot format 
used in meta-analyses. For each of the eighteen sections, the bootstrap 95% confidence interval for 
both-rail unified settlement degradation slope is shown as a horizontal line, with the bootstrap mean 
as a filled marker and a red asterisk indicating intervals that exclude zero. Fourteen of the eighteen 
sections have a settlement slope whose 95% bootstrap CI (confidence interval) is strictly positive, a 
fraction (78%) that is internally consistent with the OLS-based significance counting reported in 
Section 5.4 below. The remaining four sections (BL-1, BL-2 (narrow CI), RF.I-2, ZK-2) have bootstrap 
intervals that include zero – either because the temporal trend is genuinely small or because the 
noise level is unusually high relative to the slope. Crucially, no section has a bootstrap CI that lies 
strictly in negative territory, ruling out any genuine improvement in settlement-related geometric 
quality across the campaign. 
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Fig. 4. Forest plot of section-level both-rail unified settlement degradation rates, sorted by the bootstrap 
mean. Horizontal lines: 95% bootstrap CI (B = 10,000); filled markers: bootstrap mean. Sections whose CI 

excludes zero are marked with a red asterisk (★). 

 

5.4 Lifetime Projection and Maintenance Prioritization 
Figure 5 combines the bootstrap-validated slopes with the most recent observed settlement 

value to project the time remaining until the unified settlement reaches the tentative 3.0 mm 
intervention threshold. Panel A displays the remaining-lifetime estimates, sorted in ascending order; 
sections with projected interventions within 10 years are highlighted in dark red. Four sections (RF.II-
1, RF.III-4, RF.II-2, RF.II-4) project to require intervention within ten years; two more (BL-2, ZK-4) 
within fifteen years; and the remaining twelve sections within horizons of 20 years or longer. The 
four shortest-horizon sections share two features: they are all relatively recent installations (2011–
2018) and carry high annual loads (4.30–12.84 MGT/year). Panel B presents the same information as 
a maintenance priority quadrant, with the current settlement state on the abscissa and the 
degradation rate on the ordinate. The upper-right quadrant (high current state, fast degradation, 
designated Priority 1) is empty in this dataset, but the upper-left quadrant (lower current state, fast 
degradation, Priority 2) contains all four of the short-horizon sections. The lower-right quadrant 
(Priority 3, high current state but slow degradation) contains a single section (BL-2), which is 
monitored but not currently scheduled for intervention. The lower-left quadrant (stable) accounts 
for the majority of sections. 
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Fig. 5. Maintenance prioritization output. Panel A: remaining lifetime until the 3.0 mm unified settlement 

threshold, sorted ascending. Sections crossing the 10- and 25-year horizons are highlighted in dark red and 
orange, respectively. Panel B: priority quadrant with current state on the x-axis and degradation rate on the 

y-axis. Marker size encodes a combined urgency score. Quadrants are labeled by priority level. 

 
5.5 Spatial-Temporal Evolution Along Selected Sections 

Figure 6 zooms into three representative sections to display the spatial-temporal evolution of the 
right-rail settlement along the chainage axis. 

 

 
Fig. 6. Right-rail settlement evolution along chainage for three representative sections. Each row of each 

subpanel corresponds to a measurement epoch; colors encode the settlement value at each 0.25 m chainage 
point on a diverging red-to-blue scale. 

 
Each row in each subpanel corresponds to a measurement epoch and is color-mapped using the 

same diverging scale (−3 to +3 mm). The BL-2 section (a 1986-installed concrete slab) shows a 
predominantly stable settlement pattern, with localized defects that do not migrate substantially 
between epochs. The RF.II-1 section (a 2011 ESCRB II installation) shows a clear progressive 
deepening of a localized defect near chainage 5400 m, visible as a deepening of the dark blue color 
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in successive measurements. The ZK-3 section (a 2002 ballasted track on a high-load line) shows a 
complex pattern of localized defects that intensify with measurement date. Spatial-temporal displays 
of this kind are directly usable by maintenance engineers to identify defect-generating physical 
features such as inadequately drained substructure, sub-ballast voids, or substructure deformation. 

 
5.6 Multi-Metric Superstructure Ranking 

Figure 7 presents a radar (spider) comparison of the five superstructure variants on five 
normalized indicators: the classical right-rail settlement absolute mean, the both-rail unified absolute 
mean, the EN 13848 track twist, the EN 13848-style segment-SD-based TQI, and the settlement 
degradation rate. Each indicator is rescaled to the unit interval across the five systems so that 0 
denotes the best system on that indicator and 1 the worst. No single superstructure variant 
dominates across all five indicators: ESCRB III is best on the classical right-rail mean; the TQI, the 
ballasted ZK system, is worst on twist and the unified mean; and ESCRB II is worst on the degradation 
rate. The visualization emphasizes that choices among the embedded variants should be made on 
grounds other than geometric quality (e.g., life-cycle cost, noise emission, retrofit complexity), since 
their geometric performance is essentially indistinguishable on the present indicators. 

 

 
Fig. 7. Multi-indicator radar comparison of the five superstructure variants on five normalized geometric-
quality indicators. Each indicator is rescaled to [0, 1] across the five systems (0 = best system, 1 = worst). 
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5.7 Variance Partitioning by Mixed-Effects Modeling 
Figure 8 presents the variance-partitioning output of the hierarchical linear mixed-effects models 

fitted to four key summary metrics. Panel A shows the intraclass correlation coefficient (ICC) for each 
metric: for track gauge mean, the ICC is 0.672, indicating that two-thirds of the total variance, after 
controlling for time- and variant-fixed effects, is attributable to persistent between-section 
differences. For alignment, the unified ICC drops to 0.169; for the settlement and twist metrics, the 
random-intercept variance is effectively zero after the fixed-effects adjustment, indicating that the 
variant and time main effects fully account for the systematic variance. Panel B visualizes the per-
section random-effect estimates for the gauge model, showing each section's deviation from the 
global mean gauge after controlling for variant and time. Eight sections (most prominently BL-1, BL-
2, and BL-3) carry persistent positive random-effect estimates, while ten sections (most prominently 
the high-load ESCRB sections) carry persistent negative random effects. The magnitude of these 
random effects (roughly ±3 mm) is comparable to the within-section temporal trend, indicating that 
identifying an individual section's installation epoch is more important than observing its temporal 
trend for understanding its current gauge value. 

 

 
Fig. 8. Mixed-effects model output. Panel A: intraclass correlation coefficient (ICC) for four key summary 

metrics, indicating the fraction of total variance attributable to section identity. Panel B: per-section 
random-intercept estimates from the gauge model, sorted by magnitude. 

 
5.8 Summary of Inferential Test Outcomes 

The principal inferential test outcomes from the full statistical framework are summarized as 
follows. (i) The Pearson correlation between the right- and left-rail settlement slopes across the 
eighteen sections is r = −0.864 (p < 0.0001, n = 18), constituting strong evidence of antisymmetric 
settlement and of twist generation as the principal degradation mode. (ii) Restricted to the three 
concrete-slab BL sections, the cross-sectional regression of gauge mean on superstructure age yields 
slope = 0.140 mm/year, intercept = 1432.7 mm, R² = 0.718, p < 0.0001, n = 24, representing by far 
the strongest age-parameter relationship in the dataset. (iii) The Kruskal-Wallis test for differences 
in settlement degradation rate across the five superstructure variants yields H = 7.41 (p = 0.116, n = 
18), indicating that the variant effect on settlement is marginal in the unadjusted comparison; the 
analogous test on alignment degradation rate yields H = 10.23 (p = 0.037, n = 18), reaching the 
conventional significance level. (iv) The linear-versus-exponential model comparison (54 section-
metric pairs across three unified metrics) selects the linear model in 94.4% of cases by AIC, with a 
mean ΔAIC = +0.56 favoring linearity. (v) The Brown–Forsythe test for homogeneity of variance of 
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settlement degradation rate across the five variants yields W = 0.94 (p = 0.470), indicating that the 
variant groups have statistically indistinguishable within-group variability. 

 
6. Discussion 
6.1 Practical Implications for Tramway Asset Management 

Three findings of the present analysis translate directly into actionable guidance for tramway 
asset managers [52]. More broadly, multi-criteria decision-making methods provide a formal basis 
for converting condition rankings into maintenance decisions, as demonstrated for risk assessment 
in hazardous-materials transport [53], supplier selection [54], and equipment selection [55]. First, the 
strong negative correlation between right- and left-rail settlement slopes indicates that single-rail-
based maintenance triggers will systematically underestimate the magnitude of the degradation: the 
twist that develops between the two rails, rather than the absolute settlement of either rail, is the 
relevant input to vehicle dynamics and to passenger ride-quality models [56]. A direct policy 
implication is that maintenance thresholds in tramway operating regulations should be reformulated 
in terms of track twist rather than in terms of per-rail settlement, in line with the EN 13848-1 
approach for mainline tracks. Second, the strong age dependence of gauge widening on concrete-
slab tracks suggests that gauge-restoring interventions should be scheduled by age rather than by 
reactive defect counting, and that the concrete-slab variants may benefit from a redesigned rail 
fastening with a tighter clip pitch. Third, the lifetime-projection layer provides a quantitative basis 
for prioritization: under the current projection, four high-load, relatively young sections (RF.II-1, 
RF.III-4, RF.II-2, RF.II-4) should be scheduled for intervention within 10 years, while several older but 
lower-load ballasted sections can be confidently deferred for more than 2 decades. This prioritization 
is the condition-side complement to maintenance-scheduling optimization, from integrated 
production-and-maintenance planning [57] to railway tamping schedules [58, 59]. 

 
6.2 Methodological Transferability 

The six-layer framework developed in Section 4 is not specific to either the Budapest network or 
to the particular instrument used. All six layers operate on a single tabular database with columns for 
section identifier, measurement date, chainage, geometric parameter, and value. Any urban-rail 
operator running a periodic geometric inspection program – whether with handheld instruments, 
self-propelled inspection vehicles, or revenue-service axle-box sensors – can construct an equivalent 
database and apply an equivalent framework. The 25 m segment length, the 0.25 m chainage 
sampling, and the 3.0 mm intervention threshold are all parameters of the framework that should be 
re-tuned to local operational conditions. The full statistical pipeline is implemented in Python 3.12 
using only open-source libraries (pandas, NumPy, SciPy, statsmodels, matplotlib). 

 
6.3 Limitations of the Framework 

Three principal limitations should be acknowledged. First, the 2.3-year campaign window is short 
relative to the expected 30–40-year service life of the systems under study. While the present 
analysis provides strong evidence in favor of the linear-degradation model over the exponential 
within the campaign window, this should not be taken as a refutation of exponential growth on the 
multi-decade scale; a sub-interval of an exponential curve is well approximated locally by a straight 
line, and a longer campaign would be required to discriminate between sustained linear growth and 
a slow acceleration. Second, the unloaded measurement frame cannot capture the track's 
instantaneous elastic deflection under traffic. In contrast, this elastic component is sub-millimetric 
under typical light-rail axle loads and is therefore unlikely to alter the conclusions reported here 
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qualitatively. Future work that integrates onboard accelerometer measurements with handheld 
geometric measurements [48] would constitute a substantial advance. Third, the eighteen-section 
sample, while spanning a useful range of installation epochs and operational loads, is not large 
enough to support a fully factorial decomposition of variant, age, and load effects; the partial 
confounding between ESCRB variant and installation year (the three ESCRB variants entered service 
in successive technology generations) cannot be fully resolved without an enlarged sample. 

 
6.4 Future Work 

Three lines of future work are envisaged. First, the Budapest measurement campaign will 
continue through 2025 and 2026, materially tightening all bootstrap confidence intervals and, in 
some cases, enabling meaningful discrimination between the linear and exponential temporal forms. 
Second, an onboard accelerometer dataset collected on the same sections [48, 60] is matched to the 
geometric measurements to estimate a quantitative passenger-perception transfer function. Third, 
a cross-network comparison with at least one other European municipal operator is being initiated, 
with a view to producing a European-scale ranking of tramway superstructure variants by geometric 
deterioration rate. Each of these extensions feeds directly into the cognitive-mobility frame: the 
eventual product is a quantitative coupling between the track's physical state and the cognitive, 
perceptual, and decision-theoretic outcomes for both passengers and operating personnel. 

A related question is how the framework itself should evolve as the monitoring record lengthens. 
Several of its choices are deliberately conservative, appropriate to a 2.3-year window, and would be 
revisited once longer series become available. The AIC-based linear-versus-exponential comparison 
of Layer 6, which at present favors the linear form in the large majority of fits, gains discriminating 
power as the observation span and the number of epochs grow; with a decade or more of data the 
same selection step could reliably detect the curvature (acceleration) that a short window cannot 
resolve, at which point the linear remaining-life extrapolation of Eq. (9) would be replaced by 
extrapolation of the selected exponential — or a piecewise change-point — model. Longer records 
would also justify the use of autocorrelation-aware or Bayesian hierarchical trend models in place of 
the current bootstrap. They would turn the single-threshold remaining-life estimate into a full 
survival- or hazard-based lifetime distribution with calibrated uncertainty. Finally, a horizon spanning 
one or more maintenance interventions per section would let the degradation model be re-estimated 
on each post-intervention segment, so that the framework tracks successive recovery-and-
redegradation cycles rather than a single monotone trend. None of these refinements alters the six-
layer structure; they are drop-in upgrades of individual layers that the accumulating data will 
progressively justify. 

 
7. Conclusions 

The aim of this work was to provide a firmer statistical basis for prioritizing urban-rail 
maintenance. The outcome is a six-layer framework that carries the analysis from per-rail descriptive 
statistics through both-rail unified metrics and an EN 13848-style Track Quality Index, onto bootstrap-
validated trend estimation, mixed-effects variance partitioning, and a final lifetime extrapolation 
against operator-defined intervention thresholds. The complete pipeline was applied to 374,610 
geometric measurement points from 18 Budapest tramway sections across 6 superstructure variants. 

Part of the contribution is methodological. Both-rail unified metrics – the point-wise absolute 
mean, the root-mean-square, and the EN 13848 track twist – were defined so that the two rails of a 
section are read together rather than collapsed into a single average. Because the 200 m segment 
length prescribed by EN 13848 is usually longer than an entire tramway test section, the Track Quality 
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Index was recast as the section-mean of the standard deviation over 25 m segments, which keeps 
the analysis within the EN 13848-1 D1 wavelength band (3–25 m). The benefit is tangible: 
asymmetries between the two rails that per-rail averaging would otherwise conceal are once again 
made visible. 

The empirical results are best understood in terms of five observations. 
Settlement in running rail formations of track is not symmetric. The amount of settlement of the 

two rails in a track section can differ significantly. In the study presented here, the per-section 
settlement slopes for the two rails of all 18 track sections were strongly and negatively correlated 
with each other (r = −0.864, p < 0.0001, n = 18). This means that the sign of the slope of the settlement 
of one rail is opposite to that for the other rail of the same section of track. As a result, the amount 
of track twist caused by uneven settlement of the two rails of a track section, EN 13848, will increase 
with time for all types of track. Hence, it is recommended that any assessment of track subsidence 
or settlement be carried out on a single rail basis rather than as an average across the two rails. 

The results for gauge widening were compared with those for two key measures of deterioration: 
the worst-case deterioration of either the rails or the sleepers. It was demonstrated that the 
relationship between superstructure age and the widening of the gauge of BL type of track was the 
tightest age–parameter relationship within the data set (R² = 0.72, p < 0.0001, n = 24). This suggests 
it would be more appropriate to schedule gauge-restoring work based on the track's age rather than 
waiting for defects to develop. Fastenings with a tighter clip pitch might also be beneficial. 

The mixed-effects models for the development of the track gauge also describe the trend over 
time and the amount of variance between sections and between years not explained by the trend. 
The intraclass correlation coefficient (ICC) for the development of the track gauge is high (0.672). This 
means that after removal of the effect of time and the type of superstructure, two-thirds of the 
remaining variance is due to the identity of the sections (or the measurements within sections) and 
the age at which the sections were built. In other words, the development of the two rails of a section 
(gauge) is not much affected by time. The same does not apply to the development of the two rails 
of a section with respect to settlement and twist. The random-intercept variance for these two 
parameters is effectively zero, indicating that the deterioration due to superstructure type and time 
is already fully captured by the trend. 

For all 54 section-metric pairs, a linear and an exponential function was fitted, and the model 
with the lowest AIC score was chosen. For 94.4% of the section-metric pairs, the linear function had 
the lowest AIC score (mean ΔAIC = +0.56). Within a single maintenance cycle – here a 2.3-year 
window – urban-rail geometry degradation can be treated as locally linear, which is precisely the 
assumption underpinning the lifetime extrapolation used here. 

That extrapolation completes the chain. Combining the bootstrap-validated section slopes 
(B = 10,000 resamples) with each section's current state, and ranking the projected time to a 3.0 mm 
unified-settlement threshold, singles out four sections – RF.II-1, RF.III-4, RF.II-2, and RF.II-4 – for 
intervention within ten years. These share two features: recent installation (2011–2018) and heavy 
annual loading (4.30–12.84 MGT/year). The ranking gives the operator a defensible, quantitative 
basis for reordering the maintenance schedule. 

None of this is peculiar to Budapest. The same framework can be applied by any operator that 
performs periodic geometric inspection, and were it adopted more widely, a European-scale ranking 
of tramway superstructure variants by deterioration rate would come within reach – together with a 
first step toward a cognitive-mobility-aware predictive-maintenance pipeline that links the physical 
condition of the track to the quality of the ride as passengers experience it. 

Remark: The paper is the continuation of the authors' previous study [61]. 
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List of Symbols 

Symbol Definition / Description 

a Slope of the linear temporal model (mm/year) 
AMunified(s) Both-rail unified absolute mean at chainage s (mm) 
b Intercept of the linear temporal model (mm) 
B Number of bootstrap resamples (B = 10,000) 
c Scale parameter of the exponential temporal model (mm) 
H Kruskal–Wallis test statistic 
ICC Intraclass correlation coefficient (dimensionless) 
k Growth-rate parameter of the exponential temporal model (1/year) 
l(s) Left-rail settlement (or alignment) value at chainage s (mm) 
n Sample size (number of sections or observations) 
p Significance probability (p-value) 
r Pearson correlation coefficient (right- vs. left-rail settlement slopes) 
r(s) Right-rail settlement (or alignment) value at chainage s (mm) 
R2 Coefficient of determination of a regression 
RMSunified(s) Both-rail unified root-mean-square at chainage s (mm) 
s Chainage — longitudinal position along the section (m) 
aus Section-level degradation slope of the both-rail unified settlement 

(mm/year) 
t Time, in years from the section's first measurement (year) 
Trem Projected remaining lifetime of the section (year) 
TQI Track Quality Index of the section (mm) 
TW(s) EN 13848 track twist at chainage s (mm) 
W Brown–Forsythe test statistic 
x Value of a geometric parameter at an individual chainage point (mm) 
y(t) Value of the summary metric at time t (mm) 
ycur Most recent observed value of the unified settlement (mm) 
ΔAIC Difference in Akaike Information Criterion between two fitted models 
θ Intervention threshold for the unified settlement (θ = 3.0 mm) 
σ Standard deviation; e.g., σsegment, the segment standard deviation (mm) 
σ2 Variance; e.g. σ2

section and σ2
residual (mm2) 

⟨·⟩ Arithmetic mean (averaging operator) over all chainage points of a section 
meansegments(·) Arithmetic mean taken over all valid 25 m segments of the section 

 
List of Abbreviations 

Abbreviation Definition / Description 

AIC Akaike Information Criterion 
AM Absolute mean (as in AMunified – the both-rail unified absolute mean) 
ANCOVA Analysis of covariance 
BL Concrete-slab track sections 
CI Confidence interval 
D1 The EN 13848-1 "D1" wavelength band (3-25 m) for track-geometry 

assessment 
EN European Norm / European Standard (EN 13848, EN 13848-1, EN 13848-5) 
ESCRB Elastically Supported Continuous Rail Bedding (variants I-III) 
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Abbreviation Definition / Description 
MGT Million (equivalent) gross tons – annual load, expressed per year 
MixedLM Mixed Linear Model – the implementation name in the statsmodels library 
OLS Ordinary Least Squares (regression) 
RC Reinforced concrete (RC sleeper / RC slab) 
RF ESCRB track sections (RF.I, RF.II, RF.III, by ESCRB generation) 
RMS Root-mean-square 
SD Standard deviation (used in "segment-SD") 
TW Track twist (the EN 13848 track-twist parameter) 
ZK Ballasted track sections 
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