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Abstract
This paper introduces a methodology for detecting and classifying railway infrastructure ele-
ments using ground-penetrating radar (GPR). Seven trips, covering 57.4 km across a German
track network were recorded. The network includes ballasted tracks, switches, bridges with
dominant metal elements, and overpasses. GPR data from a multi-channel sensor array is
transformed through a preprocessing pipeline to generate spatial B-scans. Statistical and struc-
tural features, including energy, depth, and skewness, are extracted via an overlapping sliding
window.Thedetection algorithmoperates as a streaming process, combining correlation-based
patternmatchingwith feature-based thresholds in a state-machine architecture.The evaluation
results demonstrate overall good performance for infrastructure detection and classification
(98–100%), with only minor misclassifications occurring for switch orientation estimation in
scenarios involving closely spaced or physically interconnected switches (82–100%).

Introduction

Self-localization is an important element inmodern railway operation. Since trains require long
braking distances and often lack direct line-of-sight to other vehicles, precise and reliable posi-
tioning is essential for ensuring safe operation and maintaining efficient traffic flow. Due to
their constrained movement, it typically involves track-relative localization, which identifies
the specific track and the traveled distance along it.

To estimate traveled distance, odometry and wheel sensors are commonly used, measur-
ing distance either directly or by integrating velocity over time [3, 4]. However, these methods
are prone to sensor drift, where small errors accumulate over long distances or under low-
traction conditions, leading to growing uncertainty. To mitigate this, modern systems typically
rely on sensor fusion with additional positioning sources. A possible approach is including
absolute positioning from Global Navigation Satellite Systems (GNSS) and acceleration data
from inertial measurement units (IMUs) [5]. Although this combination can reduce uncer-
tainty in distance estimation and assist with track identification, its effectiveness is constrained
by the availability of GNSS signals and the accuracy of IMU sensors. In prolonged GNSS-
denied scenarios, such as extensive tunnel networks and deep underground lines, this approach
is insufficient to ensure reliable train operation. An alternative positioning approach involves
using position-dependent signatures distributed along the track, such as passive magnetic sig-
natures [6]. However, these can be affected by train traffic on adjacent tracks, and the recorded
signatures may vary between measurement runs [7]. Within the European Train Control
System (ETCS), absolute position on the track can be determined using trackside balises, which
encode location-specific information and are read during traversal. While highly accurate, this
approach relies on track-bed infrastructure, which may be vulnerable to displacement or sab-
otage. Additionally, complex track layouts often necessitate a high density of balises, leading
to high installation and maintenance costs. Consequently, reducing the number of required
balises for reliable and safe operation is desirable. Distance-based localization can be enhanced
by detecting landmarks such as infrastructure elements like switches, bridges, and overpasses,
which have fixed positions within the track network. Recognition of these elements can provide
reference points that, when comparedwith a known track layout, enable correction of odometry
drift and support determining the route taken at diversion points, thereby reducing reliance on
dedicated hardware such as balises. Optical sensors such as cameras have been used for switch
detection and classification [8], but their dependence on visibility and susceptibility to adverse
weather limit their operational robustness. Ground-penetrating radar (GPR) offers a reliable
alternative, operating independently of visibility and resistant to environmental factors such as
precipitation or icing [12]. GPR has already been investigated as a localization sensor for rail [2]
and non-rail vehicles [9–11]. Its ability to capture rich surface and subsurface reflections makes
it well-suited for extracting distinctive features of infrastructure elements.
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Figure 1. Overview of the GPR sensor array (left) and
corresponding platform view (right). Measurement
channels p = {1, … , 4} span the track width. Only the front
row of sensor is used for the evaluation.

In this work, GPR measurements from multiple trips across
a regional railway network are analyzed to detect and classify
infrastructure elements such as switches, bridges, and overpasses.
Multi-channel GPR data are processed through a preprocessing
pipeline and converted into spatial B-scans. Statistical and struc-
tural features are extracted using a sliding window approach,
calibrated against reference measurements, and reduced to a set
of three features per measurement channel. Distinctive feature
profiles for infrastructure elements are identified, and reference
patterns for switches are generated. Classification is performed in a
streamingmanner by correlating current feature windowswith ref-
erence patterns and applying threshold-based metrics. A decision
system integrates both approaches for element identification and
switch type discrimination. Evaluation of multi-trip recordings
demonstrates effective detection and reliable classification under
real-world conditions.

An earlier version of this paper was presented at EuMW 2025
and was published in its Proceedings [1].

Track network & infrastructure elements

For this investigation, seven independent evaluation trips,
recorded over two consecutive days in August 2021 between
Rothensee, Wolmirstedt, andMagdeburg, Germany, are evaluated.
Together, these trips covered 57.4 km and resulted in a mapped
track network of 23.5 km. An additional reference trip, outside of
this network, was recorded near Rothensee for calibration.

The network mainly consists of ballasted track superstructures,
railway tracks laid on a bed of crushed stone, as well as several
key infrastructure element types. It includes 27 switches, mechan-
ical installations that enable trains to change tracks, 11 overpasses,
which allow railway lines to cross above roads, and 5 bridges
with prominent metal elements at the track surface, load-bearing
structures that span physical barriers such as waterways or val-
leys. Two of the evaluated bridges are provisional metal construc-
tions, temporarily installed to facilitate underpass construction at
Wolmirstedt station. Additionally, the network includes three rail-
road crossings, each traversable in four ways, straight or with lane
changes from either side. Since only a subset of these approaches
is represented in the measurement data, key variations are miss-
ing, and these elements are therefore excluded from the evalua-
tion due to incomplete coverage in the reference and evaluation
datasets. Most elements were traversed multiple times at different
speeds and directions, which increases the number of classification
scenarios beyond the actual count of physical elements.

Measurement setup & initial signal processing

During the conducted trips, GPR measurements were collected
using the multi-channel sensor array shown in Fig. 1.

The setup comprises four GSSI 50400S modules with a center
frequency of 400MHz, providing P = 4 measurement channels
p = {1, … , P} that span the entire track width. These modules
are operated monostatically via a GSSI SIR 30 controller unit, fea-
turing a 32 bit resolution and a pulse repetition frequency (PRF)
of 1.2 kHz. Additionally, a DRS05 Doppler radar from Deuta is
employed as a velocity reference.

Sequentially, each module transmits a 2.5 ns pulse, which is
partially reflected at boundaries between surface and subsurface
materials with differing dielectrical properties. After transmitting
its pulse, the module records the resulting superimposed echoes
within a 60 ns time window, sampled at 265 discrete and evenly
spaced intervals. Each recorded sequence constitutes an A-scan,
where the time axis is referred to as the fast-time dimension. Since
the pulse propagation velocity is expected to vary between mate-
rials, a direct assignment between fast-time and penetration depth
is omitted. Instead, the term “depth” is used solely in a descriptive
sense.

To enhance signal quality and interpretability, an initial signal
processing chain is applied to the data stream of each channel.
First, constant signal components are removed using a background
subtraction, where each A-scan is subtracted from its predeces-
sor. Next, depth-related attenuation is mitigated by applying a
time-varying gain that exponentially amplifies the A-scan’s ampli-
tude along its fast-time dimension. Noise is then reduced using a
matched filter, with a second-order Gaussian wavelet employed as
an approximation for the transmitted pulse. Subsequently, the sig-
nal envelope of the A-scan is estimated via Hilbert transformation.
TheA-scans are then downsampled by a factor of two to reduce the
amount of data. After A-scan processing, scans from each chan-
nel are arranged in sequence and linked to the vehicle’s traveled
distance by integrating the reference velocity. The distance is dis-
cretized into range bins of 5 cm, and all A-scans within a single
bin are averaged, resulting in a spatial B-scan for every channel.
Figure 2 shows an example B-scan from the fourth channel p = 4,
illustrating the transition from an overpass to a switch. To normal-
ize B-scan values, percentile-based scaling is applied. Scaling and
offset parameters are derived from the reference measurement for
each channel,mapping values between its 50th and 98th percentiles
to the normalized range [0,1]. These parameters are then applied
to the measurements of the evaluation trips, and any outliers are
clipped to maintain consistency. Finally, the fast-time range is lim-
ited to a depth region of 3.5–15 ns, where infrastructure-related
signal patterns are prominent.

The center frequency of 400MHz was dictated by the measure-
ment setup, which was also used to provide data for the investiga-
tion of subsurface features [2]. Since only near-subsurface features
are being utilized here, the center frequency could be increased,
thereby improving the resolution and potentially strengthening the
robustness of the approach.
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Figure 2. Spatial B-scan (channel p = 4) at an
overpass-to-switch transition. The highlighted red region
marks the current measurement window and travel
direction. The middle plot shows corresponding feature
profiles, with current values emphasized. The lower plot
presents the feature strip (gray box) for the window,
illustrating its integration into a multi-channel feature map.

Feature selection & calibration

Features for infrastructure detection and classification are
extracted from the spatial B-scans by a sliding window approach.
This is performed independently for each channel and is illustrated
for p = 4 in Fig. 2. A 1m window, highlighted within a red box,
moves along the spatial B-scan in the travel direction. It advances
in 0.5m steps, creating a 50% overlap between consecutive
windows. Each window X ∈ RM×N is represented as 30 × 20
matrix, where M = 30 corresponds to the fast-time dimension
and N = 20 to the spatial dimension. From each matrix, a set
of feature values is computed, encoding its signal characteristics.
As the window shifts along the B-scan, these values are collected
sequentially, forming along-track feature profiles for each channel.
This is illustrated in the middle plot of Fig. 2, which shows the
corresponding feature profiles extracted from the upper B-scan,
while the highlighted points indicate the feature values extracted
from the current window.

Because extraction relies on small sections of typically simi-
lar B-scans, commonly used descriptors for 2D matrices are often
highly correlated. To reduce redundancy, a compact set of three
representative features is selected. Encoding these features as a
three-channel color representation additionally provides intuitive
visualization for qualitative analysis. The selected features can be
described by:

Energy (ENR): ∑
m,n

x2m,n (1)

Depth (DEP): [1, 2, … ,M] ̃x3

∑m ̃x3m
(2)

Skewness (SKW):
∑m,n(xm,n − 𝜇)3

(MN) 𝜎3 (3)

where, m ∈ 1, … ,M and n ∈ 1, … ,N denote the fast-time and
distance indices, respectively. The scalar value at position (m, n)
is denoted by xm,n. The median A-scan of X is represented as
̃x = ( ̃x1, … , ̃xM) ∈ RM . The parameters 𝜇 and 𝜎 correspond to

the mean and standard deviation of all entries in X.
To ensure comparability between different features and chan-

nels, as well as to improve visualization, percentile-based nor-
malization is applied. In this approach, values within the selected
percentile range aremapped linearly to the interval [0, 1]. However,

values outside this range may exceed the interval. The features
energy (ENR) and depth (DEP) have approximately normal, and
therefore symmetric, value distributions. Accordingly, a symmet-
ric interval between the 0.1st and 99.9th percentiles is selected,
effectively capturing the central data region and minimizing the
influence of rare extremes. The skewness feature (SKW) exhibits a
skewed distribution and is normalized using an asymmetric per-
centile window. The lower bound is set to the 0.1st percentile of
the longer tail, and the upper bound to the 90th percentile of
the shorter side. This choice expands coverage where variation is
greatest while compressing the opposite side, ensuring the scaling
emphasizes the most informative range. All percentile thresholds,
scaling factors, and offsets for both normalizationmethods are cal-
ibrated using data from the reference trip and remain fixed for the
evaluation trips.

For visual interpretation, each measurement channel p =
{1, … , P} is rendered as a colored strip, with each feature assigned
to one color component. These strips are combined into a com-
prehensive feature map, as illustrated in the bottom plot of Fig. 2,
where the color strip corresponding to the fourth channel p = 4 is
highlighted within a gray box.

Feature properties and switch sample pattern generation

The extracted features can now be analyzed within the track net-
work, and general classification approaches for different infras-
tructure types derived. As an illustration, this is demonstrated for
an example track section shown in Fig. 3, where track type and
traversed infrastructure elements are indicated above the feature
map.

Across regular track sections, feature patterns are generally con-
sistent. However, the inner channels show slightly more variability,
likely caused by the greater presence of mixed ballast material in
the center of the track. In contrast, the outer channels remain
more stable, which is probably due to the uniform reflection from
the rails and fastening systems. Infrastructural elements such as
bridges, underpasses, and switches introduce recognizable patterns
in the feature map, often marked by unique coloration. In the
case of elements like bridges and overpasses, these are very consis-
tent and independent of travel direction. Furthermore, overpasses
produce high SKW values beyond the normalized range, mak-
ing them easily distinguishable. This consistent behavior enables
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Figure 3. Feature map (top) with various infrastructure
elements highlighted. Below, the corresponding features
for the measurement channels p = {1, … , P} are shown in
descending order: energy (ENR), depth (DEP), and
skewness (SKW).

a rule-based classification approach using predefined thresholds.
However, variations in feature amplitude within the same element
type can complicate threshold-based classification and need to be
handled during the classification step.

Railroad switches are more complex, as illustrated in Fig. 4. On
the left side are movable switch rails that determine the selected
route. Due to the additional movable parts and more intricate
fastening systems, switches comprise a larger amount of metal
structures, which increases surface reflections leading to high ENR
values (red). This region is referred to in this investigation as the
switch center. After the switch center, the train passes one of the
inner lead rails. These rails create consistently strong reflections
in the upper part of the A-scans. During preprocessing, constant
signal components are removed, which suppresses these reflec-
tions. As a result, the DEP feature (green) shows high values in
the thrid channel p = 3 between 5–20m and later in the second
channel p = 2 between 23–28m.These traces are then followed by
strong reflections from the guard rail. Similar to the lead rail, these
reflections also correspond to high DEP values in the inner chan-
nel because the same preprocessing step affects them. However,
guard rails are not always present, as they may be omitted in some
configurations.

Feature patterns at switches are influenced by both the traversal
direction and the selected route, as shown in Fig. 5. For detailed
analysis, switches are grouped into four types: Incoming-Left (IL),
Incoming-Right (IR), Outgoing-Left (OL), and Outgoing-Right
(OR). Patterns associated with different switch types exhibit a high
degree of symmetry. Left and right variants can be aligned by mir-
roring around the vertical midpoint of the pattern, while incoming
and outgoing variants can be aligned bymirroring around the hor-
izontal midpoint. Due to this symmetry, the switch type can be
identified by estimating the orientation of the observed pattern.
Therefore, instead of using separate reference patterns for each
switch type, a single reference pattern can be applied by adjusting
for the corresponding orientation.

For this reference pattern, 16 switch-related patterns from the
reference trip aremanually selected, thenmirrored to ensure a con-
sistent orientation. Each pattern is then resampled to a common

length of 35m, which corresponds to the average and rounded
length of the extracted switch patterns, and aligned using an iter-
ative Dynamic Time Warping (DTW) process. This alignment
reduces shape differences before averaging and normalizing the
profiles. The resulting reference pattern, shown in the bottom plot
of Fig. 4, forms the basis for the comparison pattern used in switch
orientation classification.Only the highlighted 20m transition seg-
ment is used, which improves classification performance despite
variations in switch length or missing guardrails. Since regular
track sections exhibit consistently high SKW (blue) values, the
switch comparison pattern shows a pronounced deviation from
regular track on one side, creating strong left-right asymmetry.
This asymmetry can be exploited for orientation detection, as it can
provide a clear directional cue during classification.

Classification approach

The encountered infrastructure elements can vary in length and
spatial layout, which makes their boundaries unknown during
processing. To handle this uncertainty, the proposedmethod, illus-
trated in Fig. 6, employs a streaming architecture that processes
data sequentially without requiring prior segmentation. The sys-
tem operates on a continuously updated 20m feature window
F (green box). With a spatial resolution of 50 cm, each update
replaces the last columnof feature valueswith a newone. For offline
processing, this corresponds to a sliding window operation simi-
lar to feature extraction. Detection and classification are realized
through a state-machine decision system that integrates evalua-
tion scores from two branches: one estimates switch orientation via
correlation, while the other applies rule-based classification using
predefined thresholds to identify infrastructure elements.

Correlation-based switch orientation estimation

The correlation branch compares the current feature window F
with the generated switch comparison pattern. To handle differ-
ent switch classes, rotated versions of this pattern, shown within
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Figure 4. Overview of a representative railway switch.
Left: schematic switch layout (top) and the corresponding
reference pattern (bottom). The pattern segment used for
switch matching is highlighted in red. Right: photograph of
a switch in the field.
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Figure 5. Overview of different switch scenarios with the
corresponding patterns within the feature map.
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Figure 6. Overview of the streaming classification data pipeline.
After spatial B-scan generation, channel features are extracted from
1m wide measurement windows X (red box). These are aggregated
into the current 20m feature window F (green box), then processed
in parallel: feature-based thresholds for infrastructure detection
(right) and correlation-based classification for switches (left). The
resulting scores feed into a classification state machine.
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Figure 7. Correlation coefficients along an example track
section. The top plot shows the original values for all four
orientations cIR, cIL, cOL, cOR. The middle plot illustrates the
adjusted coefficients after subtracting half of their opposite
orientation to increase differences, and the bottom plot
shows the normalized values for improved interpretability.

the correlation box of Fig. 6, are correlated with the window, pro-
ducing four correlation coefficients at each step: cIR, cIL, cOL, cOR.
The progression of these values along the example section is
illustrated in the top plot of Fig. 7. For reference, the correct
orientations for the switches are: 180–260m incoming-left (IL),
390–460m outgoing-left (OL), 470–530m incoming-right (IR),
and 560–630m outgoing-left (OL). The correlation values vary
strongly between switches, and offsets in different track sec-
tions make direct interpretation unreliable. Moreover, incoming
(cIR, cIL) and outgoing (cOL, cOR) coefficients often look similar due
to the symmetry of the switch comparison pattern.

Therefore, the coefficients are adjusted by subtracting half of
their opposite orientation:

⎡
⎢⎢⎢
⎣

̂cIR
̂cIL
̂cOL
̂cOR

⎤
⎥⎥⎥
⎦

=
⎡
⎢⎢⎢
⎣

1 −0.5 0 0
−0.5 1 0 0
0 0 1 −0.5
0 0 −0.5 1

⎤
⎥⎥⎥
⎦

⎡
⎢⎢⎢
⎣

cIR
cIL
cOL
cOR

⎤
⎥⎥⎥
⎦

. (4)

The adapted values ̂c = [ ̂cIR, ̂cIL, ̂cOL, ̂cOR] are shown in the third
plot of Fig. 7. This step increases correlation differences at relevant
distances (210m: orange, 410m: violet, 500m: blue, 580m: vio-
let), while preventing overcompensation. For easier interpretation,
these values are then normalized by centering them around their
mean 𝜇 and multiplying them by their standard deviation 𝜎:

̃c = ( ̂c − 𝜇) ⋅ 𝜎. (5)

As shown in the bottom plot of Fig. 7, this step amplifies dis-
tinctive variations near switches while suppressing similar values
in regular track or overpass regions, facilitating orientation esti-
mation. The ̃c values are then used as evaluation scores within the
decision system.

Feature-based infrastructure evaluation

The second processing branch interprets the current feature win-
dow F ∈ RP×Q×R by analyzing the distribution and relationships
of its feature values across channels p = [1, … , P], spatial posi-
tions q = [1, … ,Q], and feature types r = [1, … ,R]. Here, P = 4

represents the number of channels,Q = 40 the spatial samples cov-
ering 20m at 0.5m resolution, and R = 3 the number of feature
types.The feature values f (p, q, r) ∈ F are first normalized to yield
their relative contribution at each position (p, q):

|f (p, q, r)| =
f (p, q, r)

∑R
r=1 f (p, q, r)

.

This normalization emphasizes relationships between features
rather than absolute values, which vary more within elements of
the same type. Based on these normalized values, three binary
evaluation scores are determined to indicate specific infrastructure
types, while a contextual score represents overall feature variation.
For the binary scores, the proportion of positions 𝜋where normal-
ized values lie within a predefined range [𝜆min

r , 𝜆max
r ] is calculated

for each channel p and feature type r:

𝜋p,r = 1
Q

Q

∑
q=1

1{|f (p, q, r)| ∈ [𝜆min
r , 𝜆max

r ]} .

These proportions are compared against thresholds characteris-
tic of specific infrastructure.. For bridges (bg) and overpasses (op),
scores are given by:

sbg = 1{∀r : 𝜋r ≥ 𝜏r,bg}, sop = 1{∀r : 𝜋r ≥ 𝜏r,op},

where 𝜋r denotes the average of 𝜋p,r across all channels. For
switches, a score ssc is determined to indicate the presence of switch
centers. Due to the more complicated feature pattern at switches,
this score must satisfy two conditions. The proportions 𝜋 for both
outer channels 𝒪 = {1, 4} must exceed their thresholds, and the
highest proportion among all channels must belong to one of these
outer channels:

ssc = 1{∀r : 𝜋p,r ≥ 𝜏r,scfor 𝒪 ∧ argmax
p

𝜋p,r ∈ 𝒪},

where the argmax condition reduces misclassifications caused by
guard rails.

The thresholds, derived from the calibration trip (Table 1), are
set low to enable early detection during streaming. This allows the
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Table 1. Example configuration for percentage-based thresholds and feature
ranges

Class Feature r Range [𝜆min
r , 𝜆max

r ] Threshold 𝜏r

ebg 1 [ENR] 0.30 – 0.6 0.1

2 [DEP] 0.35 – 0.6 0.1

3 [SKW] 0.00 – 0.10 0.1

eop 1 [ENR] 0.0 – 0.05 0.1

2 [DEP] 0.00 – 0.20 0.1

3 [SKW] 0.7 – 0.85 0.1

esc 1 [ENR] 0.55 – 1 0.2

2 [DEP] 0.2 – 0.5 0.1

3 [SKW] 0.00 – 0.3 0.1

system to flag potential candidates promptly even when only par-
tial patterns are present within the 20m window. In addition, a
non-binary contextual score captures variations in feature relation-
ships within the window. For this score, the feature window F is
first smoothed along the dimensions p, q for each feature type r
using a two-dimensional Gaussian kernel with a 5 × 5 window
and standard deviation 𝜎 = 2. This smoothing reduces local noise
within each feature type while preserving general changes. At each
position (p, q), the filtered feature values are then represented as a
point in 3DCartesian space (R = 3) andmapped to spherical coor-
dinates, fromwhich the azimuth𝜙 and inclination 𝜃 are derived. To
quantify how feature relationships vary across the window, circular
variance is used:

V𝛼 = 1 − √E[cos𝛼]2 + E[sin𝛼]2,

where 𝛼 denotes either 𝜙 or 𝜃, and E[⋅] represents the mean over
all positions (p, q) within the window. Unlike linear variance,
which only measures changes along a straight line, circular vari-
ance captures directional variability, showing howmuch the feature
composition shifts in orientation. This provides an indicator for
compositional changeswithinF. Finally, the circular variance score
scv ∈ [0, 1] is defined as the maximum of both variances:

scv = max(V𝜙, V𝜃).

Values near 0 indicate consistent composition typical of homo-
geneous structures like bridges, overpasses, or ballast. Higher val-
ues reflect variability, common at switches, irregular sections, or
transitions between elements, thus providing valuable context for
classification.

Classification process

The classification process, illustrated in the bottom plot of Fig. 8,
combines both branches using a state-machine decision system.
This system assesses the binary evaluation scores, correlation-
derived values, and contextual score to determine the most likely
infrastructure for each feature window F. For bridges or over-
passes, the classification is primarily based on the corresponding
binary scores. To improve reliability and prevent false positives, a
plausibility check is performed using the circular variance score.
Upon the detection of a switch center, the classification process is
dominated by the correlation scores. These scores are compared to
determine the type of switch and to identify boundaries between

adjacent switch centers (as shown between 250–300m in Fig. 8).
Once the end of a switch center or a boundary between centers
is reached, the switch orientation is estimated using the observed
correlation patterns. In cases where correlation differences are
minimal (e.g., at 230–260m), contextual information from the cir-
cular variance score becomes more dominant. By examining the
length of feature variations before a switch center appears, the ori-
entation is first estimated as incoming or outgoing and then refined
to the most plausible left or right configuration.

Results

The proposed detection and classification approach was assessed
on the evaluation trips. Raw GPR signals were processed sequen-
tially through the complete pipeline: GPR A-scan processing,
spatial B-scan generation, feature extraction, and final classifica-
tion. To emulate real-world operation under constrained resources,
evaluation was conducted in a streaming manner using a ring-
buffer architecture.

Results are summarized in Fig. 9. Infrastructure detection and
classification demonstrate high performance (≥ 98%), with only
one switch center (SC) undetected and no false positives. However,
the number of measured bridges (5) is very low, which limits
the statistical strength of conclusions regarding detection per-
formance. Orientation classification also shows high reliability:
incoming left (IL) and incoming right (IR) switches achieve 92%
and 82%, while outgoing left (OL) and outgoing right (OR) reach
94% and 100%. Misclassifications occur only at the same set of
closely spaced switches, whichwere recordedmultiple timeswithin
the evaluation trips. In these cases, interference between adjacent
patterns within the feature window reduces correlation distinc-
tiveness. Moreover, physical interconnections between switches
slightly modify feature patterns. Since these cases were absent in
the reference trip, the reference signatures do not include them,
which further reduces separability and increases wrong classifica-
tions.

To analyze the observed misclassifications and assess sensi-
tivity to switch length and spacing, a controlled simulation was
conducted. All 63 switch signatures were extracted, resampled to
common length, and augmented with mirrored duplicates to rep-
resent alternative orientations. Synthetic evaluation sequenceswith
different switch lengths and inter-spacing (gap) were then formed
by inserting the signatures into a simulated track background.The
results in Fig. 10 report overall orientation classification accuracy
without differentiating individual orientations, as no significant
variation between classes was observed.

Across the tested ranges, performance remained stable, indicat-
ing robustness to substantial deviations from the reference con-
figuration. In closely spaced configurations, accuracy increased
slightly, consistent with the contribution of contextual information
captured by the circular variance. Compared to previous work [1],
where performance dropped sharply for gaps below 40m and
switch lengths above 50m, the proposed method demonstrates
higher robustness. It also reduces complexity by removing both
dynamic time warping (DTW) as an additional evaluation score
and the 30m observation window previously used for score evalu-
ation.This simplification improves efficiency and robustness under
streaming conditions but sacrifices peak performance, which pre-
viously exceeded 99% within a narrow parameter region. When
classification errors occur, they first appear at the same subset of
closely interconnected switches observed in the real-world eval-
uation. Because spacing alone does not explain these failures, we
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Figure 8. Example feature map (top). The corresponding evaluation scores for bridges sbg, overpasses sop, switch centers ssc, and circular variance scv are shown below,
followed by correlation-based scores. At the bottom, the classification signals generated by the decision system are displayed.

Figure 9. Confusion matrix for infrastructure and
orientation classification results on the measurement
campaign. Rows denote predicted labels and columns
denote ground truth.

Figure 10. Simulation results showing the percentage of
overall correct orientation classifications for varying switch
lengths and gaps.

attribute the remaining confusions primarily to altered feature pat-
terns introduced by physical interconnections between adjacent
switches, reinforcing the conclusions drawn from field experi-
ments.

Conclusion

In this work, a novel method for detecting and classifying railway
infrastructure elements, including switches, bridges with promi-
nent metal components on the track surface, and overpasses, using
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multi-channelGPRwas demonstrated. By leveraging statistical and
structural features (energy, depth, and skewness) extracted from
spatial B-scans, and combining pattern correlation with threshold-
based decision-making in a streaming architecture, the proposed
system enables detection and classification of typical trackside
infrastructure, as well as switch orientation estimation, across a
real-world railway network. The evaluation results demonstrate
overall good performance for infrastructure detection and classi-
fication (98–100%), with only minor misclassifications occurring
for switch orientation estimation in scenarios involving closely
spaced or physically interconnected switches (82–100%), which
were not represented in the reference dataset. Overall, the approach
offers a promising candidate for landmark detection for enhancing
train localization within train-localization frameworks by reduc-
ing distance drift at known infrastructure elements and limiting
dependence on dedicated trackside hardware. Future work should
extend the reference and evaluation datasets to cover additional
infrastructure, such as more types of railroad switches and other
rail superstructures. The approach needs to be integrated into a
real-time localization framework, with additional state estima-
tors implemented for online calibration to adapt to environmental
changes and operational variability.
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