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Abstract—To provide reliable estimates of wireless network
performance along a specific route, repeated measurements
should always be conducted to determine the consistency and
stability of the relevant key parameter indicators. If the same
speed profile cannot be guaranteed during each repetition, then
the alignment of the measured signals becomes a challenging
task. To tackle this problem, we introduce the concept of the
reference path and propose a modified dynamic time warping
algorithm. By combining both ideas, we obtain a novel RP-DTW
algorithm (modified dynamic time warping with a reference path)
that aligns repeated measurements optimally. To demonstrate its
usefulness, we apply the algorithm to measurements of received
signal power in operational LTE networks of three Austrian
operators, which we collected while being onboard a train that
traverses between Vienna and Gmünd. We publicly offer our
measurements as an open dataset.
Index Terms—dynamic time warping, machine learning, reference path, repeatability, spatial, coordinates, cellular, mobile,
network, measurement, LTE, 5G, signal power, RSRP, dataset

I. I NTRODUCTION
In operational cellular mobile networks, the analysis of
key parameter indicators (KPIs) along particular routes is
crucial for understanding the performance experienced by endusers, who walk through a specific street-canyon, drive on
a motorway, or travel onboard a train. To make qualified
statements about the individual KPIs and investigate their
time- and location-dependent statistical properties, repeated
measurements along the examined paths are necessary.
With identical speed-profile in each measurement round, we
would obtain perfectly aligned time-series: The same relative
time would imply the same geographic location in all traces.
However, in most scenarios, the speed profile is impacted by
uncontrollable influences such as current traffic density, or
(in pedestrian measurements) by the impossibility to precisely
maintain a predefined velocity.
With GPS measurements at hand, we can calculate the traveled distance for each KPI sample. Still, due to the cumulative
nature of the estimated traveled distance, the signals from
repeated drives drift apart as even the tiniest GPS location
errors sum up with increasing drive-length.
In this paper, we solve the problem of optimally aligning
samples from repeated measurements conducted with different
speed profiles along a predefined path by modifying a wellknown machine learning algorithm—the dynamic time warping (DTW). Our RP-DTW algorithm (modified dynamic time

warping with a reference path) is optimum in the sense that
it minimizes a distance function between the predefined reference path and the reported measured (GPS) path. RP-DTW
aligns M sequences of length L with complexity O(L2 M ).
We apply the RP-DTW to repeated railway-measurements
of signal strength in operational LTE networks of three Austrian mobile network operators (MNOs). Our measurements
are publicly available as an open dataset [1].
A. Related Work
DTW was first introduced in the 1960s and has since been
extensively applied to speech recognition. Likewise, DTW has
been very successful in data mining and machine learning: for
classification, clustering, anomaly detection, and image and
video analysis, to name just a few applications [2], [3]. Despite
the simplicity of DTW, comparative studies [4], [5] conclude
that DTW is hard to beat, and that it can outperform many
recent time-series classification algorithms.
In classification, DTW is used mainly as a distance measure,
which quantifies the similarity of two sequences. In our work,
we are more interested in the aligned sequences themselves,
which allow for subsequent analysis of, e.g., the variability
of the measured spatial functions. Optimum alignment of M
sequences of length L has complexity O(LM ) [6], which is
not feasible for more than just a few repetitions.
To circumvent the complexity limitation, researchers have
developed heuristic sequence averaging techniques with DTW
barycenter averaging [7], [6] being the most prominent one.
However, our goal is to obtain multiple aligned sequences and
not only a single average sequence.
By introducing additional a-priori knowledge of a reference
path and by modifying the DTW constraints, we can optimally
align each sequence to the reference path separately. As
such, we obtain the complexity O(L2 M ) without resorting
to approximations or heuristic methods.
Except for [8], which adjusts traces by maintaining the
same speed in every round, we are not aware of any paper
that would consider the alignment of repeated drives. Mobile
measurements in operational networks [9]–[14] either contain
a single repetition for each route or compare only cumulative
distribution functions of multiple repetitions. A high-granular
spatiotemporal representation of multiple repeated measurements synchronized for each space-coordinate is missing.

In Section II, we start with a practical example that illustrates the problem of repeated measurement alignment. In
Section III, we mathematically formalize the concept of a
spatial function measured along a known path.
Section IV explains the RP-DTW algorithm. Although the
classical DTW is well-known, we formulate it in Appendix A
to establish the notation consistent with Section IV, which allows to clarify our modifications and highlight the similarities
and differences between the classical DTW and RP-DTW.
In Section V, we present our measurement setup, apply
the RP-DTW on the signal strength measurements in cellular
mobile networks, and analyze the measurement results. In
Section VI, we conclude the paper, discuss the limitations of
our novel RP-DTW algorithm, and outline future work.
II. A P RACTICAL M OTIVATING E XAMPLE
Let us consider measuring a quantity of interest (in our case,
RSRP1 in an LTE network) along a particular path. We repeat
the measurement several times in order to verify whether the
target function is time-invariant, to detect anomalies, or to
reduce the noise by aggregating multiple samples per location.
Fig. 1 depicts a map of the railway where we performed two
drive tests while traveling onboard a train. We see that both
drive tests have significantly different speed profiles. In most
real-world scenarios, we have to obey traffic rules; thus, it is
impossible to have identical speed profiles for all repetitions.
Due to the different speed profiles, the repeated measurements barely overlap when we plot them with respect to relative time in Fig. 2 (a). The same relative time can correspond
to a different geographic location in each repetition.
It seems more reasonable to represent the measured signals
with respect to the traveled distance in Fig. 2 (b). The
measurement equipment usually cannot access the vehicle’s
odometer; thus, we have to estimate the distance from the
GPS location measurements. However, despite the arbitrarily
high GPS precision, the measured signals slowly diverge due
to the cumulative nature of the calculated distance. Even the
tiniest GPS error contributions accrue; hence, we can see in
Fig. 2 (b2) that after traveling a sufficiently long distance, both
signals become severely mismatched.
Up to this point, we have not leveraged on the prior
knowledge of the measurement path (here, the railway between
Vienna and Gmünd). The measurement path is usually planned
(thus, known beforehand) as we decide where to measure.
As explained in Section IV, the additional information about
the reference path allows to apply RP-DTW, which achieves
an optimum alignment of the repeated RSRP measurements
regardless of the traveled distance, see Fig. 2 (c).
III. P ROBLEM S TATEMENT
A measurement procedure delivers a series of time stamps
tn , function values fn , and locations xn , with n = 0, . . . , N.
In repeated measurements, the speed profiles may differ as
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Fig. 1. Railway from Vienna to Gmünd and the speed profiles of two repeated
drives. The time on the x-axis is relative to the measurement start.

in Fig. 1; therefore, the relative time stamps correspond to
different locations [Fig. 2 (a)]. We thus need to estimate
the unknown distances dn that correspond to the samples
(tn , xn , fn ) in order to align multiple repetitions.
A. Naive Approach: Summing Coordinate Distances
A straightforward way of estimating the traveled distance
dn that corresponds to the n-th sample fn is by summing up
the distances between the measured coordinates:2
n
∑
dˆn =
∥xi − xi−1 ∥2 .
(1)
i=0

The main problem in (1) is that the estimated distance dˆn
is cumulative. Although the GPS coordinates in our railway
scenario are very precise and although both repetitions at the
beginning of Fig. 2 (b) are aligned accurately, the repeated
measurements still slowly drift apart as small location errors
accumulate.
B. Sampling Along a Known Reference Path
In most practical measurement campaigns, we plan the path
that we are going to measure. We call this a-priori known route
“reference path”, and we denote it by q. As we will see in
Section IV, we can use the knowledge of the reference path
q to align repeated spatial measurements.
Formally, let q ⊂ RD be a path of length dmax . Each point
of q corresponds to a distance d ∈ [0, dmax ]; d is the length of
a path segment from q(0) to q(d). The path q is continuous,
q(d) : [0, dmax ] → RD .

(2)

2 We define an arbitrary reference location x
−1 , from which we measure
the cumulative distance.
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Fig. 2. Three different alignment methods applied to RSRP measurements in the LTE network of mobile network operator (MNO) A. (a) The same relative
time stamps correspond to distinct locations in each drive due to different speed profiles (Fig. 1). (b) Calculating the traveled distance from GPS coordinates
according to (1) causes small location error contributions to accumulate. The traces from different measurements thus drift apart slowly. (c) The modified
dynamic time-warping algorithm with reference path (RP-DTW) successfully aligns the repeated measurements along the whole route.

Along path q, we measure a spatial function f : q → RC .
Keeping in mind that the value of d identifies a specific point
in RD , we can characterize f as a function of the distance d :

14

16

(3)

Any physical measuring device that travels along path q
can collect only discrete samples that consist of the measured
coordinates xn ∈ RD , relative time stamps tn ∈ R+ , and
signal values fn ∈ RC . The measured locations may be biased
and noisy; thus, it is possible that xn ̸∈ q.

y/m

f (d) : [0, dmax ] → RC .
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Analogous to the classical DTW (Appendix A), we propose
a modified dynamic time warping with a reference path
(briefly, “reference path DTW,” or RP-DTW) to align repeated
spatial measurements.
We introduce a reference path p, which is a discretization of
the continuous path (2). This reference path consists of K + 1
locations xref,k and corresponding distances dk :

fn

IV. M ODIFIED DTW WITH A R EFERENCE PATH

0
2

0

xref,k = q(dk ).

(4)

We warp (align) the measured locations xn with the reference
locations xref,k , thus assigning distances dk to our measurement samples (tn , xn , fn ).
In traditional DTW, the length of the output can differ
in each pair of input sequences, which is undesirable when
aligning multiple repetitions. Hence, we modify the DTW
constraints to guarantee that all output sequences would have
the same length. Fig. 3 illustrates the RP-DTW concept.
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Fig. 3. RP-DTW algorithm. (a) A measurement took place along the reference
path p. The reported path (xn )N
n=0 , e.g., recorded GPS coordinates, can
significantly differ from p. The RP-DTW assigns exactly one location of the
reported path to each location of the reference path. Each location of the
reported path can be assigned to multiple locations of p. (b) Samples fn
are recorded at the same time as locations xn . (c) The RP-DTW mapping
˜ K
in (a) defines the interpolation of the samples (fn )N
n=0 → (fk )k=0 . Each
interpolated sample f˜k corresponds to a different location on the reference
path, and thus to a different distance dk .

A. The RP-DTW Algorithm
RP-DTW is a mapping that transforms an input sequence of
samples (xn , fn ) into an output sequence of samples (x̃k , f˜k ),
π, p

˜ K
((xn , fn ))N
n=0 −→ ((x̃k , fk ))k=0 ,

(5)

according to the reference path p (4) and index path π.
The index path π consists of indexes nk ∈ {0, . . . , N } and
defines the output samples as
π = (nk )K
⇒ x̃k = xnk , f˜k = fnk .
(6)
k=0
The index path π fulfills the following constraints:
start / end: n0 = 0, nK = N,
(7)
{
allowed : ∀k ≥ 1 : nk ∈ {nk−1 , nk−1 + 1)}, nk > 0, (8)
moves
{nk−1 },
nk = 0,
optimality: π = arg min
π ′ ∈P

K
∑

δ(x̃k , xref,k ),

C. Remarks
Index path π interpolates the input samples fn into output
samples f˜k , which correspond to locations xref,k and distances
dk of the reference path p [Fig. 3 (c)]. RP-DTW preserves the
order, in which the locations of p are visited. For example,
selecting the nearest {xref,k }K
k=0 for each xn would not
guarantee the order preservation [n = 6, n = 7 in Fig. 3 (a)].
Apart from the condition K ≥ N, we did not specify the
discretization q → p. If we know the minimum speed3 and
maximum sampling frequency, we can calculate the shortest
traveled distance between two samples; this distance we can
apply to discretize q. Using a coarser discretization (small K),
we lose the distance-resolution as the true location of fn may
be far from any reference location xref,k . By using a finer
discretization (large K), the interpolation [Fig. 3 (c)] repeats
samples fn multiple times.

(9)

V. M EASUREMENTS

k=0

with an arbitrary distance function (or cost function) δ and
a set P of all index paths π ′ that satisfy (6)–(8). Index path
constraints (7) and (8) imply that the reference path p cannot
have less elements than the measurement sequence: K ≥ N.
B. Optimum Index Path and Complexity
The RP-DTW is, by definition (9), optimum in the sense
that it minimizes the difference between the reference path
K
K
(xref,k )k=0 and the warped measured path (x̃k )k=0 under the
constraints (7), (8). Section IV-A lists all the properties that
the resulting warped path has to fulfill but provides no specific
recipe on how to find it.
Same as in Section A-A, we find the optimum index-path
π by applying Bellman’s principle of optimality [16] (in the
context of finding the most likely sequence of hidden states
known as the Viterbi algorithm [17]): The optimum (lowest
cost) path among all possible paths from point A through B
to C necessarily contains a subpath from A to B, which is the
optimum path among all paths that lead from A to B.
We define the shorthand δk,n := δ(x̃ref,k , xn ) and by
applying Bellman’s principle we recursively construct a pathcost-matrix Γ analogous to (18). Each element γk,n is equal to
the total cost of the cheapest partial path from (0, 0) to (k, n)
with respect to the allowed moves:


δk,n + min{γk−1,n , γk−1,n−1 }, k ≥ n > 0,
γk,n = δk,n + γk−1,n ,
(10)
n = 0,


not defined,
n > k.
The elements γk,n with n > k cannot be reached by the
allowed moves (8) and are therefore undefined. The first
element is initialized as γ0,0 = δ0,0 . The total minimum
distance in (9) thus equals γK,N .
We recursively find the optimum index path π by starting at
the last index (K, N ) and then repeatedly choosing the smaller
of the two neighbors γk−1,l−1 , γk−1,l in each step until we
reach the first index (0, 0). The above-described construction
of the cost-matrix Γ implies that the RP-DTW complexity is
quadratic with respect to the number of path-samples.

As mentioned in Section I-A, researchers often analyze
overall performance through empirical distributions. By applying RP-DTW, we can examine the performance of each
waypoint (as in [8], however, without the tedious requirement
of maintaining a constant speed).
A. Setup
We conducted two repeated measurements between Vienna
(railway station Franz-Josefs-Bahnhof) and Gmünd while onboard a Regional-Express train (ÖBB Cityjet). Both measurements took place on 16 February 2020: the first one between
16:28 and 18:45, the second one between 19:09 and 21:27.
We collected the LTE KPIs using Keysight’s NEMO smartphones [19], which were placed on a train seat (Fig. 5) to
capture the experience of real train passengers. In total, we
had three active phones. Each phone was equiped with a SIM
card of a different Austrian MNO. From the various KPIs
collected, we focus on RSRP (as it remains most stable over
time).
B. Results
The lowest LTE frequency we encountered was 800 MHz.
To avoid small-scale fading, we excluded all measurement
samples with velocities lower than 10 km/h (channel coherence time ≈ 57 ms). Since the sampling period of our
measurement device is 500 ms, the small-scale local minima
and maxima thus effectively average out, and the measuring
device captures only the large-scale trends (shadowing + path
loss). For more details, see [18]. We obtained the coordinates
of the reference path from OpenStreetMap [20], which we
resampled to one-meter resolution.
We applied RP-DTW to align six traces in total—two
repeated drives for each of the three MNOs (anonymized as
A, B, C). The full RSRP traces of MNO A are depicted in
Fig. 2. Full traces of MNOs B and C are not plotted in this
paper as they are very similar to MNO A (Fig. 2). Instead, we
offer all results as an online data set [1].
3 Note

that the measurement intervals with v = 0 should be excluded [18].
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Fig. 4. RSRP traces aligned with RP-DTW: Zoomed-in details of interesting railway segments. Segments with missing traces have no LTE coverage.

Fig. 5. Our measurement setup: NEMO
phones by Keysight
placed on a train seat.
During the campaign,
three phones were active. Each phone was
equipped with a SIM
card of a different
Austrian mobile network operator. The
phones were locked
to LTE.

To present a part of the data set, we show zoomed-in details
of three railway segments in Fig. 4. Drive 1 and drive 2 of a
single operator usually yield similar RSRP traces. In such a
case, we can consider the measured values as reliable. (With
tens of repeated drives, we could even estimate an RSRP
distribution for each waypoint.)
We find an exception in plot (b) at 93–94 km, which contains
an inconsistency between drive 1 and 2 of MNO B (e.g., due to
different handovers). In such cases, we need to conduct more
repetitions in order to asses the performance better.
In most of the areas, all three MNOs show the same
performance [e.g., Fig. 4 (a)], which indicates that they share
the same base station towers. Segments in plots (b) and (c)
were chosen to present railway sections, where MNOs provide
different coverage. In plot (b), at 96–99 km, MNO B offers
better coverage than A and C. In plot (c), at 155–155.5 km,
MNO A performs the best. Such analysis is useful for MNOs
to identify the segments that need a coverage boost.
VI. C ONCLUSION
In this paper, we have proposed a novel RP-DTW algorithm
that warps the measured coordinates with a reference path and
then applies the resulting warping indexes to the measured
function values. By forbidding one of the three allowed moves
in the index path of the classical DTW, we assure that every
output-sequence has the same length as that of the reference
path. This allows us to align multiple sequences successively—
all of them end up on the same distance grid.
RP-DTW is optimal in the sense that it minimizes the
total difference between the measured locations and the reference locations under a set of constraints. Compared to more

straightforward distance estimations, RP-DTW processes all
measured locations jointly, thus preventing distance errors
from accumulating as the number of samples increases.
We have seen that RP-DTW can correct noisy location
estimates. However, it cannot deal with an absence of location
samples (e.g., loss of GPS signal in tunnels). In such cases,
we would have to make assumptions about the vehicle’s speed
in the non-covered segments and, for example, interpolate the
missing coordinates.
In the presented measurements, the GPS errors were rather
small. In future work, we will evaluate the performance of
RP-DTW in simulations to examine the impact of location
error magnitude in more detail. We also plan to offer a more
detailed comparison with other alignment methods.
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shorter than the input sequences: K ≥ max{L, N }. Fig. 6
shows the warping of two scalar sequences (D = 1) according
to an index path π visualized in an index matrix.
The index path always begins in the lower left corner (14)
and ends in the upper right corner (15). From the start point,
we can get to the end point by successively applying one of the
three5 allowed moves (16): one step to the right, one step up,
or one step diagonally (northeast). From all paths π ′ ∈ P that
fulfill (14)–(16), the selected path π is the one that minimizes
the total distance of the warped output sequences (17).
A. Finding the Optimum Index Path
We can express the total distance∑of the warped sequences
K
in terms of the original sequences: k=0 δ(alk , bnk ). We use
the shorthand δl,n = δ(al , bn ), and we define the path-costmatrix Γ with elements γ0,0 = δ0,0 and γl,n̸=(0,0) :


δl,n + min{γl−1,n , γl,n−1 , γn−1,n−1 }, l, n > 0,
γl,n = δl,n + γl−1,n ,
n = 0, (18)


δl,n + γl,n−1 ,
l = 0.
By the definition (18), each element γl,n is equal to the total
cost of the cheapest partial path from (0, 0) to (l, n) with
respect to the allowed moves in (16). Depending on which
of the three neighbors of γl,n is smallest, we know that the
cheapest path comes to γl,n either from left, from below, or
from southwest.
After calculating all elements of Γ (quadratic complexity),
we start in the upper right corner (L, N ) and then reconstruct
the optimum path by following the cheapest of the three
allowed neighbors {γl−1,n , γl,n−1 , γn−1,n−1 } at every step,
until we reach the lower left corner (0, 0). Note that γL,N is
equal to the total distance of the optimum path.



{(lk−1 + 1, nk−1 ), (lk−1 , nk−1 + 1), (lk−1 + 1, nk−1 + 1)}, lk > 0 ∧ nk > 0,
∀k ∈ {1, . . . , K} : (lk , nk ) ∈ {(lk−1 + 1, nk−1 )},
lk > 0 ∧ nk = 0,

{(l
lk = 0 ∧ nk > 0.
k−1 , nk−1 + 1)},
4 For

example, Euclidian distance δ(ãk , b̃k ) = ∥ãk − b̃k ∥2 .
the exception of the first row lk = 0 and first column nk = 0.

5 With

(16)

