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Abstract—Temporal alignment remains a key issue in mul-
tisensor time-series data analysis, particularly when signals are
affected by local temporal distortions and mixed shifts of opposite
signs. In this paper, we propose a bidirectional time-warping
framework that extends regularization-free Diffeomorphic Tem-
poral Alignment Networks to signals that contains both forward
and backward shifts. The method introduces a bidirectional
formulation that evaluates alignment in both directions and uses a
soft gating mechanism for selecting the most consistent alignment
locally. This enables the model to handle signals with varying
temporal shifts within a same a same temporal segment. We
illustrate the approach on Distributed Acoustic Sensing data
collected for traffic monitoring on two-way highways, where
overlapping vehicle-induced signatures from opposite directions
introduce significant alignment challenges. Experimental results
show improved alignment consistency and clearer separation of
opposing traffic patterns.

I. INTRODUCTION

Temporal alignment is a fundamental problem in time-series
data analysis, aiming to compensate for temporal variations
so that signals with similar structure can be aligned in a
common temporal reference frame. This arises in applications
such as handwriting recognition [1], speech recognition [2],
and human action recognition [3]. In these settings, alignment
methods must handle both global shifts and local distortions,
including stretching and compression. Time warping is a stan-
dard approach that uses monotonic transformations to match
corresponding events across signals [4]. Recent learning-based
methods [5] provide greater flexibility by estimating warps
from data but generally assume preserved temporal order,
which limits their effectiveness when signals contain patterns
with local shifts of opposite signs [6].

The aim of this paper is to address bidirectional tempo-
ral alignment by formulating it as a time-warping problem.
To this end, we introduce a bidirectional extension of the
Regularization-Free Temporal Alignment Net (RF-DTAN) [7].
The method evaluates forward and time-reversed warping
hypotheses and uses a soft gating mechanism to select the
most consistent alignment locally, enabling the handling of
mixed temporal orientations.

To illustrate the proposed approach, we conduct experiments
on Distributed Acoustic Sensing (DAS) data, obtained from
a fiber-optic sensing technology that turns a standard optical
fiber into a continuous array of sensors. A laser pulse is
transmitted along the fiber, and small portions of light are
backscattered due to microscopic imperfections in the fiber.
The time delay localizes each measurement, while changes

in the backscattered signal reflect local vibrations or strain,
enabling continuous monitoring over long distances. DAS has
been successfully applied to seismic monitoring [8], pipeline
leak detection [9], power grid monitoring [10] and traffic speed
estimation [11]. In two way highway scenarios, overlapping
vehicle signatures from opposite directions make it difficult
to separate individual events and align them consistently,
motivating the use of bidirectional time-warping; see Figure 1.

The rest of the paper is organized as follows. The formu-
lation of the problem and the proposed method are described
in Section II. Section III describes the experimental setup.
Section IV reports the experimental results, and Section V
concludes the paper.

II. METHODOLOGY

To highlight the limitations of existing temporal alignment
methods, we first analyze the regularization-free approach pro-
posed in [7], which performs time warping through monotonic
transformations. Although effective, this formulation cannot
handle signals containing bidirectional temporal patterns with
opposite-sign time shifts due to its order-preserving nature.
To address this limitation, we extend the family of admissible
transformations to include reversed warps, enabling the align-
ment of signals with opposite temporal alignment directions.
We further introduce a gating mechanism that selects, at each
time point, the most consistent alignment hypothesis. The final
alignment is obtained by combining the selected warps across
time.

A. RF-DTAN background

RF-DTAN is a learning-based framework for joint temporal
alignment and time series averaging. Let xk = (xk(t))

n
t=1

denote the k-th input signal of length n defined on a tem-
poral domain Ω = {1, . . . , n}. In the multi-class setting, let
yk ∈ {1, . . . ,M} be the class label of xk, and let Nm denote
the number of signals in class m. The goal is to estimate a
temporal warp T θk ∈ T , where T is a family of diffeomorphic
transformations. Every T ∈ T is a warp function T : Ω → R.
In our implementation, the transformation family T is chosen
as the Continuous Piecewise Affine Basis (CPAB) class [12],
ensuring that each T θk is smooth and invertible. Each warp is
parameterized by a warping parameter θk which is predicted
by a Temporal Transformation Network (TTN) which consists
of three modules. The first module is the localization network
which takes as input a batch of sequences (xk(t))

n
t=1 and



Fig. 1: At the top is the schematic overview of the problem
geometry. It consists of the two way highway, the fiber optic
cable which is parallel to the road and the DAS interrogator
connected to the fiber. DAS channels are denoted by S1,
S2, etc. At the bottom is depicted an example of DAS data
with 9 DAS channels and 30 seconds duration. Each channel
corresponds to a sensing location along the fiber, as shown in
the schematic above.

predicts the corresponding warping parameters (θk)
n
k=1 by

defining a piecewise-affine velocity field over a fixed partition
of the time axis. The second is a grid generator which creates
an evenly spaced grid G ⊂ Ω of points which are then
warped by T θk . Lastly, a sampler computes the warped signal
x̂k = xk ◦T θk by interpolation. Because the transformation is
differentiable with respect to θ, the whole alignment module
can be trained end to end with backpropagation learning
algorithm.

Unlike earlier approaches [13], RF-DTAN does not include
an explicit regularization term on the warps to penalize lack
of smoothness or large deviations. Instead, it relies on the
loss of the Inverse Consistency Averaging Error (ICAE). For
each class m, a centroid signal µm is first computed from the
aligned signals:

µm =
1

Nm

∑
k:yk=m

xk ◦ T θk . (1)

Consistency is then enforced by mapping the centroid back to
each original signal using the reverse CPAB warp, leading to
the loss:

LICAE(θ) =

M∑
m=1

1

Nm

∑
k:yk=m

∥∥µm ◦ T−θk − xk

∥∥2
ℓ2
. (2)

The loss is minimized when the average sequence is both
a minimizer of the variance and consistent with its class.
This formulation encourages coherent alignment across signals
without requiring dataset-specific regularization. However, the
solution is restricted to order-preserving transformations.

B. Pairwise RF-DTAN

In our setting, we use a pairwise version of RF-DTAN rather
than the original class-wise formulation. Let xk = (xk(t))

n
t=1

denote the k-th input signal of length n defined over the
temporal domain Ω = {1, . . . , n}. Let T be the family of
warping CPAB transformations used by RF-DTAN. We adopt
the single-class setting and train the model on adjacent pairs
(xk, xk+1). For each pair, the localization network estimates
a warp parameter θk = floc(xk), yielding the forward-warped
signal

x̂k = xk ◦ T θk . (3)

The pairwise centroid is then computed as

µk =
1

2
(x̂k + xk+1) . (4)

To enforce inverse consistency, we also define the backward-
warped centroid

µ̂k = µk ◦ T−θk . (5)

The pairwise loss is given by

L(θ) =
Nc−1∑
k=1

[
(µ̂k − xk)

2 + (µk − xk+1)
2
]
, (6)

where Nc denotes the total number of channels. The batch
loss is obtained by accumulating the pairwise loss over all
consecutive channel pairs in the batch. By learning a separate
warp for each input signal, this formulation avoids the need
for a global class centroid and is therefore better suited to
weakly correlated signals. Nevertheless, it remains unable to
handle cases in which events with opposite temporal directions
occur within the same signal, because a single monotonic warp
cannot align both directions at once.

C. Limitation in bidirectional temporal data and extension

In this section, we briefly explain why RF-DTAN cannot
directly handle opposite-sign time shifts and describe how the
admissible CPAB warp family can be extended. Each warp is
parameterized by θ and is order-preserving, i.e.,

t1 < t2 ⇒ T θ(t1) < T θ(t2), T θ ∈ T . (7)

Thus, corresponding events preserve their temporal order after
warping. To represent a signal with the opposite temporal
shifts, we introduce the time-reversal operator ρ : Ω → Ω,
defined as

ρ(t) = n+ 1− t, t ∈ Ω. (8)

If a signal is transformed by the time-reversal operator ρ, then
two landmarks occurring at times a < b in the original signal
appear at ρ(b) < ρ(a) in the reversed signal, thus reversing
their temporal order. Because every transformation T θ ∈ T is
order-preserving, the same warp family cannot restore a com-
mon temporal ordering when forward and reversed patterns
coexist within the same temporal window. Consequently, a
single monotonic warp can align one temporal orientation, but
cannot simultaneously align events whose ordering is reversed.



<latexit sha1_base64="0tcBLquk8DvBteW7VUDPkIJ3rz0="></latexit>

Localization
Net

<latexit sha1_base64="HztvQlbnwnG8+1BZ49EUc33crvU="></latexit>

Grid
Generator

<latexit sha1_base64="dV1mYTExSv1GJ2RZLe+4bCxoH0A=">AAACH3icbVDLSgMxFM3UV62vqks3wSK4KjNdVMFNwY3LivYBnVIy6W0bmmSGJCOWoX/ixl9x40IRcde/MZ0Ooq0XAodzz+HkniDiTBvXnTm5tfWNza38dmFnd2//oHh41NRhrCg0aMhD1Q6IBs4kNAwzHNqRAiICDq1gfD3ftx5AaRbKezOJoCvIULIBo8RYqles+gEMmUwoSANqWvAFGUMQPnbcyHQTfEdExC3v+wUfZP9H1iuW3LKbDl4FXgZKKJt6r/jl90MaC+unnGjd8dIAogyjHGxurCEidEyG0LFQEgG6m6T3TfGZZfp4ECr7pMEp+9uREKH1RARWKYgZ6eXdnPxv14nN4LKbMBnFBiRdBA1ijk2I52XhPlNADZ9YQKhi9q+Yjogi1Jag5yV4yyevgmal7FXL1dtKqXaV1ZFHJ+gUnSMPXaAaukF11EAUPaEX9IbenWfn1flwPhfSnJN5jtGfcWbf76ijgA==</latexit>

Sampler

<latexit sha1_base64="dV1mYTExSv1GJ2RZLe+4bCxoH0A=">AAACH3icbVDLSgMxFM3UV62vqks3wSK4KjNdVMFNwY3LivYBnVIy6W0bmmSGJCOWoX/ixl9x40IRcde/MZ0Ooq0XAodzz+HkniDiTBvXnTm5tfWNza38dmFnd2//oHh41NRhrCg0aMhD1Q6IBs4kNAwzHNqRAiICDq1gfD3ftx5AaRbKezOJoCvIULIBo8RYqles+gEMmUwoSANqWvAFGUMQPnbcyHQTfEdExC3v+wUfZP9H1iuW3LKbDl4FXgZKKJt6r/jl90MaC+unnGjd8dIAogyjHGxurCEidEyG0LFQEgG6m6T3TfGZZfp4ECr7pMEp+9uREKH1RARWKYgZ6eXdnPxv14nN4LKbMBnFBiRdBA1ijk2I52XhPlNADZ9YQKhi9q+Yjogi1Jag5yV4yyevgmal7FXL1dtKqXaV1ZFHJ+gUnSMPXaAaukF11EAUPaEX9IbenWfn1flwPhfSnJN5jtGfcWbf76ijgA==</latexit>

Sampler

<latexit sha1_base64="WvtHpP73eexVxe+gDDQuo/bz0Ks=">AAACG3icbVDLSsNAFJ3UV62vqks3wSK4KkkXVXBTcKHLCvYBSSmTyU07dGYSZiZiCf0PN/6KGxeKuBJc+DdO0yLaemDgcM59zD1BwqjSjvNlFVZW19Y3ipulre2d3b3y/kFbxakk0CIxi2U3wAoYFdDSVDPoJhIwDxh0gtHl1O/cgVQ0Frd6nECP44GgESVYG6lfrvkBDKjICAgNclLyOR5BEN97TqJ72RXWMPH9kg8i/CnplytO1clhLxN3Tipojma//OGHMUm56ScMK+W5+XAsNSUMzM5UQYLJCA/AM1RgDqqX5bdN7BOjhHYUS/OEtnP1d0eGuVJjHphKjvVQLXpT8T/PS3V03suoSFINgswWRSmzdWxPg7JDKoFoNjYEE0nNX20yxBITE4KahuAunrxM2rWqW6/Wb2qVxsU8jiI6QsfoFLnoDDXQNWqiFiLoAT2hF/RqPVrP1pv1PistWPOeQ/QH1uc32keh5Q==</latexit>

Gate
<latexit sha1_base64="HztvQlbnwnG8+1BZ49EUc33crvU="></latexit>

Grid
Generator

<latexit sha1_base64="QdfoD+crCP4RzIp8pht6FdTQcMY=">AAAB7nicbVA9SwNBEJ2LXzF+RS1tFhPBKtyliNoFbCwjmA9IjrC32UuW29tbdvfEcORH2FgoYuvvsfPfuEmu0MQHA4/3ZpiZF0jOtHHdb6ewsbm1vVPcLe3tHxwelY9POjpJFaFtkvBE9QKsKWeCtg0znPakojgOOO0G0e3c7z5SpVkiHsxUUj/GY8FCRrCxUrf6NMyiWXVYrrg1dwG0TrycVCBHa1j+GowSksZUGMKx1n3PlcbPsDKMcDorDVJNJSYRHtO+pQLHVPvZ4twZurDKCIWJsiUMWqi/JzIcaz2NA9sZYzPRq95c/M/rpya89jMmZGqoIMtFYcqRSdD8dzRiihLDp5Zgopi9FZEJVpgYm1DJhuCtvrxOOvWa16g17uuV5k0eRxHO4BwuwYMraMIdtKANBCJ4hld4c6Tz4rw7H8vWgpPPnMIfOJ8/4sCPQg==</latexit>xk

<latexit sha1_base64="6eqftjE+ypgtXd4DVpSSa9Msg/c=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbaCIJTdHqreCl48VrAf0i4lm2bb0CS7JFmxLP0VXjwo4tWf481/Y9ruQVsfDDzem2FmXhBzpo3rfju5tfWNza38dmFnd2//oHh41NJRoghtkohHqhNgTTmTtGmY4bQTK4pFwGk7GN/M/PYjVZpF8t5MYuoLPJQsZAQbKz2Un/rp+MKblvvFkltx50CrxMtICTI0+sWv3iAiiaDSEI617npubPwUK8MIp9NCL9E0xmSMh7RrqcSCaj+dHzxFZ1YZoDBStqRBc/X3RIqF1hMR2E6BzUgvezPxP6+bmPDKT5mME0MlWSwKE45MhGbfowFTlBg+sQQTxeytiIywwsTYjAo2BG/55VXSqla8WqV2Vy3Vr7M48nACp3AOHlxCHW6hAU0gIOAZXuHNUc6L8+58LFpzTjZzDH/gfP4AvMaPsg==</latexit>xk+1

<latexit sha1_base64="M8471jMOxYR9q4ZZeTQXtBM+QrE=">AAAB8XicbVA9TwJBEN3DL8Qv1NJmI5hYkTsK1I7ExhIT+YhwIXvLABv29i67cybkwr+wsdAYW/+Nnf/GBa5Q8CWTvLw3k5l5QSyFQdf9dnIbm1vbO/ndwt7+weFR8fikZaJEc2jySEa6EzADUihookAJnVgDCwMJ7WByO/fbT6CNiNQDTmPwQzZSYig4Qys9lns4BmT9SblfLLkVdwG6TryMlEiGRr/41RtEPAlBIZfMmK7nxuinTKPgEmaFXmIgZnzCRtC1VLEQjJ8uLp7RC6sM6DDSthTShfp7ImWhMdMwsJ0hw7FZ9ebif143weG1nwoVJwiKLxcNE0kxovP36UBo4CinljCuhb2V8jHTjKMNqWBD8FZfXietasWrVWr31VL9JosjT87IObkkHrkidXJHGqRJOFHkmbySN8c4L86787FszTnZzCn5A+fzB+EhkGI=</latexit>

ωk

<latexit sha1_base64="/68KDAMzVYf5bN6S+WabNUhOKZ0=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BFtBEMpuD1VvBS8eK9gP2C4lm2bb0GyyJLNCWfozvHhQxKu/xpv/xrTdg7Y+GHi8N8PMvDAR3IDrfjuFjc2t7Z3ibmlv/+DwqHx80jEq1ZS1qRJK90JimOCStYGDYL1EMxKHgnXDyd3c7z4xbbiSjzBNWBCTkeQRpwSs5Fev+jBmQAaT6qBccWvuAnideDmpoBytQfmrP1Q0jZkEKogxvucmEGREA6eCzUr91LCE0AkZMd9SSWJmgmxx8gxfWGWII6VtScAL9fdERmJjpnFoO2MCY7PqzcX/PD+F6CbIuExSYJIuF0WpwKDw/H885JpREFNLCNXc3orpmGhCwaZUsiF4qy+vk0695jVqjYd6pXmbx1FEZ+gcXSIPXaMmukct1EYUKfSMXtGbA86L8+58LFsLTj5ziv7A+fwBSPmQlw==</latexit>

+ωk

<latexit sha1_base64="oibiy/m0U/zy3+ib/VU5QXudNCg=">AAAB8nicbVA9SwNBEN2LXzF+RS1tFhPBxnCXImoXsLGMYD7gcoS9zV6yZG/32J0TwpGfYWOhiK2/xs5/4ya5QhMfDDzem2FmXpgIbsB1v53CxubW9k5xt7S3f3B4VD4+6RiVasraVAmleyExTHDJ2sBBsF6iGYlDwbrh5G7ud5+YNlzJR5gmLIjJSPKIUwJW8qtXfRgzIINJdVCuuDV3AbxOvJxUUI7WoPzVHyqaxkwCFcQY33MTCDKigVPBZqV+alhC6ISMmG+pJDEzQbY4eYYvrDLEkdK2JOCF+nsiI7Ex0zi0nTGBsVn15uJ/np9CdBNkXCYpMEmXi6JUYFB4/j8ecs0oiKklhGpub8V0TDShYFMq2RC81ZfXSade8xq1xkO90rzN4yiiM3SOLpGHrlET3aMWaiOKFHpGr+jNAefFeXc+lq0FJ585RX/gfP4ATBOQmQ==</latexit>→ωk
<latexit sha1_base64="KooLTkOMf32m/8C7LjYXuhnoXKg=">AAAB9XicbVA9TwJBEJ3DL8Qv1NLmIphgIbmjQO1ILLTERD4SOMnesgcb9vYuu3MaQvgfNhYaY+t/sfPfuMAVir5kkpf3ZjIzz48F1+g4X1ZmZXVtfSO7mdva3tndy+8fNHWUKMoaNBKRavtEM8ElayBHwdqxYiT0BWv5o6uZ33pgSvNI3uE4Zl5IBpIHnBI00n3xunTWxSFD0hudFnv5glN25rD/EjclBUhR7+U/u/2IJiGTSAXRuuM6MXoTopBTwaa5bqJZTOiIDFjHUElCpr3J/OqpfWKUvh1EypREe67+nJiQUOtx6JvOkOBQL3sz8T+vk2Bw4U24jBNkki4WBYmwMbJnEdh9rhhFMTaEUMXNrTYdEkUomqByJgR3+eW/pFkpu9Vy9bZSqF2mcWThCI6hBC6cQw1uoA4NoKDgCV7g1Xq0nq03633RmrHSmUP4BevjG6p6kU8=</latexit>

G(→ωk)

<latexit sha1_base64="gV4N94MaG9+eShnP9g1w11U6Rkc=">AAAB9XicbVBNS8NAEJ3Ur1q/qh69BFuhIpSkh6q3ggc9VrAf0May2W7apZtN2J0opfR/ePGgiFf/izf/jds2B60+GHi8N8PMPD8WXKPjfFmZldW19Y3sZm5re2d3L79/0NRRoihr0EhEqu0TzQSXrIEcBWvHipHQF6zlj65mfuuBKc0jeYfjmHkhGUgecErQSPfF69JZF4cMSW90WuzlC07ZmcP+S9yUFCBFvZf/7PYjmoRMIhVE647rxOhNiEJOBZvmuolmMaEjMmAdQyUJmfYm86un9olR+nYQKVMS7bn6c2JCQq3HoW86Q4JDvezNxP+8ToLBhTfhMk6QSbpYFCTCxsieRWD3uWIUxdgQQhU3t9p0SBShaILKmRDc5Zf/kmal7FbL1dtKoXaZxpGFIziGErhwDjW4gTo0gIKCJ3iBV+vRerberPdFa8ZKZw7hF6yPb6dekU0=</latexit>

G(+ωk)

<latexit sha1_base64="ZcWjNOmya2TEnKd5KHW3B2NKUwY=">AAAB+HicbVBNT8JAEJ36ifhB1aOXjWDiibQcUG8kXjxiIh8J1Ga7XWDDdtvsbo3Y8Eu8eNAYr/4Ub/4bF+hBwZdM8vLeTGbmBQlnSjvOt7W2vrG5tV3YKe7u7R+U7MOjtopTSWiLxDyW3QArypmgLc00p91EUhwFnHaC8fXM7zxQqVgs7vQkoV6Eh4INGMHaSL5dqjz64/sMczYUNJxWfLvsVJ050Cpxc1KGHE3f/uqHMUkjKjThWKme6yTay7DUjHA6LfZTRRNMxnhIe4YKHFHlZfPDp+jMKCEaxNKU0Giu/p7IcKTUJApMZ4T1SC17M/E/r5fqwaWXMZGkmgqyWDRIOdIxmqWAQiYp0XxiCCaSmVsRGWGJiTZZFU0I7vLLq6Rdq7r1av22Vm5c5XEU4ARO4RxcuIAG3EATWkAghWd4hTfryXqx3q2PReualc8cwx9Ynz96q5L1</latexit>

xaligned
k

<latexit sha1_base64="XMJq5WNCFZfakWpqyZTWgk9+Kd8=">AAACCXicbVC7SgNBFJ31GeNr1dJmMBFikbCbImohBGwsI+QFeSyzk0ky7OyDmbuSsKS18VdsLBSx9Q/s/Bsnj0ITD1w4nHMv997jRoIrsKxvY219Y3NrO7WT3t3bPzg0j47rKowlZTUailA2XaKY4AGrAQfBmpFkxHcFa7je7dRvPDCpeBhUYRyxjk8GAe9zSkBLjomz7SGBZDRxvG7+ZuR4uWo3ybdhyIA43uQi65gZq2DNgFeJvSAZtEDFMb/avZDGPguACqJUy7Yi6CREAqeCTdLtWLGIUI8MWEvTgPhMdZLZJxN8rpUe7odSVwB4pv6eSIiv1Nh3dadPYKiWvan4n9eKoX/VSXgQxcACOl/UjwWGEE9jwT0uGQUx1oRQyfWtmA6JJBR0eGkdgr388iqpFwt2qVC6L2bK14s4UugUnaEcstElKqM7VEE1RNEjekav6M14Ml6Md+Nj3rpmLGZO0B8Ynz9Yx5l0</latexit>

x̂→
k = xk(T→ωk)

<latexit sha1_base64="Fq6Qn/sEu0B5Di3A61cRNv1ZrUg=">AAACCHicbVDLSsNAFJ3UV62vqEsXBluhIpSki6oLoeDGZYW+oI8wmU7aIZMHMzfSErp046+4caGIWz/BnX/jtM1CqwcuHM65l3vvcSLOJJjml5ZZWV1b38hu5ra2d3b39P2DpgxjQWiDhDwUbQdLyllAG8CA03YkKPYdTluOdzPzW/dUSBYGdZhEtOfjYcBcRjAoydaPC90RhmQ8tb3++fXY9or1ftKFEQVse9Ozgq3nzZI5h/GXWCnJoxQ1W//sDkIS+zQAwrGUHcuMoJdgAYxwOs11Y0kjTDw8pB1FA+xT2Uvmj0yNU6UMDDcUqgIw5urPiQT7Uk58R3X6GEZy2ZuJ/3mdGNzLXsKCKAYakMUiN+YGhMYsFWPABCXAJ4pgIpi61SAjLDABlV1OhWAtv/yXNMslq1Kq3JXz1as0jiw6QieoiCx0garoFtVQAxH0gJ7QC3rVHrVn7U17X7RmtHTmEP2C9vEN4tKZOw==</latexit>

x̂+
k = xk(T ωk)

Fig. 2: Architecture of the proposed method.

To address this limitation, we extend the family of admis-
sible transformations to include reversed warps and introduce
a bidirectional formulation; see Figure 2:

T ± = T ∪ (ρ ◦ T ). (9)

Thus, each admissible transformation is either a forward warp

T+θ(t) = T θ(t), (10)

or a backward warp

T−θ(t) = (ρ ◦ T θ)(t), T θ ∈ T . (11)

With this extended warp family, a signal that differs from
another only by a global time reversal can be aligned by
composition with ρ, while the unreversed signal is handled
by the original warp family. Although this extension can
account for globally reversed patterns, it remains insufficient
when opposite-sign temporal shifts coexist within the same
analysis window. In this setting, no single global transforma-
tion from T ± can minimize the alignment error across the
entire window, which motivates a local bidirectional alignment
formulation.

D. Proposed bidirectional RF-DTAN (BRF-DTAN) method

To handle locally varying temporal directions, we adopt a
pairwise formulation shown in Figure 2. Let xk = (xk(t))

n
t=1

be defined on Ω = {1, . . . , n} with k ∈ {1, . . . , Nchannels}.
For each pair (xk, xk+1), the localization network esti-
mates θk, defining a warp T θk ∈ T .

We construct two alignment hypotheses using the extended
family T ±:

x̂+
k = xk ◦ T θk , x̂−

k = xk ◦ T−θk . (12)

Each hypothesis defines a pairwise centroid:

µ+
k (t) =

x̂+
k (t) + xk+1(t)

2
, µ−

k (t) =
x̂−
k (t) + xk+1(t)

2
.

(13)
The corresponding alignment errors are defined as

e+k (t) =
[
(µ+

k ◦ T−θk)(t)− xk(t)
]2

+
[
µ+
k (t)− xk+1(t)

]2
e−k (t) =

[
(µ−

k ◦ T+θk)(t)− xk(t)
]2

+
[
µ−
k (t)− xk+1(t)

]2
(14)

In these error expressions, the first term applies the estimated
warp to the centroid and evaluates its reconstruction of xk,
whereas the second term measures the discrepancy between
the centroid and the adjacent time series xk+1.

To select the most consistent hypothesis locally, we intro-
duce a soft gating function:

W+
k (t) =

exp
(
−e+k (t)/τ

)
exp

(
−e+k (t)/τ

)
+ exp

(
−e−k (t)/τ

) ,
W−

k (t) = 1−W+
k (t).

(15)

The temperature parameter τ controls the sharpness of the
soft assignment, with smaller values producing a directional
selection that is close to winner-takes-all and larger values
producing smoother mixtures.
The final loss is defined as

LB-ICAE(θ) =

Nch−1∑
k=1

∑
t∈Ω

[
W+

k (t)e+k (t) +W−
k (t)e−k (t)

]
(16)

This loss is minimized in an end-to-end manner with back-
propagation. For each mini-batch, the localization network first
estimates the warp parameters θ. The forward and backward
alignment hypotheses are then computed, followed by the
evaluation of the soft gating function. The resulting loss is
differentiated with respect to the network parameters, and all
trainable parameters are optimized using Adam.

The aligned signal is reconstructed as

xaligned
k (t) = W+

k (t) x̂+
k (t) +W−

k (t) x̂−
k (t). (17)

This approach, named Bidirectional RF-DTAN (BRF-DTAN)
provides a local mechanism for selecting between forward and
reverse temporal alignment hypotheses, enabling the model
to represent bidirectional patterns within the same analysis
window while degenerating to standard RF-DTAN in purely
unidirectional settings.

III. EXPERIMENTAL SETUP

For model training and evaluation, we recorded DAS data in
the city of Nice, France, on January 29, 2026, between 09:05
and 17:05. The data were acquired using an 88.2 km optical
fiber installed along the highway from Nice to Carros.



DAS data were recorded using an hDAS interrogator from
Aragon Photonics. The temporal sampling frequency was set
to 125 Hz, with a gauge length of 15.3 m. As a preprocessing
step, the data were bandpass filtered between 0.3 Hz and 2
Hz and subsequently downsampled to 10.4 Hz. The dataset
used in this study corresponds to a 14.4 km section in which
the fiber is deployed along a two-way highway connecting
Nice and Carros, with two lanes in each direction. Because the
fiber is located on one side of the highway, it predominantly
captures vehicles traveling in the nearest direction, while
heavier vehicles traveling in the opposite direction can also
be observed.

Alignment quality was assessed over the full 8-hour DAS
dataset by comparing RF-DTAN and BRF-DTAN in terms
of residual temporal misalignment and vehicle-detection per-
formance. Residual misalignment was quantified using a lag-
based metric derived from the Pearson correlation coefficient.
Specifically, for each window and each channel, we estimated
the lag that maximized its Pearson correlation with a reference
channel. The mean absolute value of these optimal lags was
then used as a measure of the remaining temporal offset
after alignment, where lower values indicate better temporal
alignment. As an additional evaluation criterion, alignment
performance was assessed by counting the number of vehicles
detected in both travel directions using the method in [11].

For two adjacent raw signals xk and xk+1, the Pearson
correlation coefficient is given by

ρrawk = corr(xk, xk+1)

=

∑T
t=1(xk(t)− x̄k)(xk+1(t)− x̄k+1)√∑T

t=1(xk(t)− x̄k)2
√∑T

t=1(xk+1(t)− x̄k+1)2
,

where

x̄k =
1

T

T∑
t=1

xk(t), x̄k+1 =
1

T

T∑
t=1

xk+1(t) (18)

are the temporal means of the two signals. The same measure
is computed after alignment as

ρalignedk = corr(x̃k, x̃k+1), k = 1, . . . , Nc − 1. (19)

To quantify residual temporal misalignment, let x(ℓ)
w,k denote

channel k in window w shifted by ℓ samples, and let r denote
the reference channel. For each window and channel, the
optimal lag before alignment is defined as

ℓraww,k = arg max
ℓ∈[−K,K]

corr
(
x
(ℓ)
w,k, xw,r

)
, (20)

and the corresponding optimal lag after alignment is

ℓalignedw,k = arg max
ℓ∈[−K,K]

corr
(
x̃
(ℓ)
w,k, x̃w,r

)
. (21)

The mean absolute residual lag before and after alignment is
then computed as

µraw =
1

N

∑
(w,k)

∣∣ℓraww,k

∣∣, µaligned =
1

N

∑
(w,k)

∣∣ℓalignedw,k

∣∣, (22)

Fig. 3: Vehicle detections after alignment with RF-DTAN (top)
and BRF-DTAN (bottom) over a 30 s window.

with N the total number of evaluated window–channel pairs.
These quantities measure the average residual temporal mis-
alignment before and after correction.

Finally, the relative improvement in alignment is defined as

Improvement(%) =
µraw − µaligned

µraw
× 100. (23)

Positive values indicate a reduction in residual temporal mis-
alignment after alignment.

IV. RESULTS

In this section, we present the results obtained by RF-DTAN
and BRF-DTAN. For each model, we used analysis windows
comprising 9 DAS channels and spanning 30 seconds. Both
methods were trained for 300 epochs on the same 8-hour
dataset and over the same range of channels. The temperature
parameter τ , introduced in (15), was initialized at 0.5 and lin-
early annealed to 0.1 during training. This annealing schedule
encourages the model to first explore soft combinations of the
alignment hypotheses and then progressively favor the most
consistent hypothesis.



Method # detected intervals # vehicles per detected interval
RF-DTAN 3 [1, 4, 1]

BRF-DTAN 4 [1, 4, 2, 1]

TABLE I: Detected vehicle intervals obtained with RF-DTAN
and BRF-DTAN over the 30 s analysis window in Figure 3.

As shown in Figure 3, the two methods produce noticeably
different results. This 30 s window is selected from the full
8-hour dataset for illustration purposes, while the correlation-
based analysis reported below evaluates performance over the
complete recording. Table I summarizes the corresponding
vehicle counts for this example. RF-DTAN does not properly
align the two groups of vehicles traveling in opposite direc-
tions. Instead, it aligns one group while overshifting the other.
Consequently, the detection model cannot reliably separate
vehicles moving in the opposite direction. By contrast, the pro-
posed BRF-DTAN method separates the two opposing vehicle
groups more effectively and provides improved vehicle-count
estimates. Based on the detected counts, BRF-DTAN identifies
two more vehicles than RF-DTAN.

Metric RF-DTAN BRF-DTAN
raw mean lag 16.99 16.99

aligned mean lag 9.72 8.54
mean absolute lag 0.4276 0.4970

lag improvement (%) 42.76 49.70

TABLE II: Comparison of correlation statistics after alignment
between RF-DTAN and BRF-DTAN.

We further validate these observations by computing the
Pearson-correlation-based lag statistic for both methods over
the full 8-hour dataset. As reported in Table II, the proposed
method improves the residual lag statistic by 7% relative to
RF-DTAN. This gain should be interpreted in light of the
challenging bidirectional setting. Since the fiber is deployed
on one side of the highway, vehicles traveling in the opposite
direction typically exhibit a lower signal-to-noise ratio. More-
over, crossing and overlapping trajectories further complicate
the separation problem. While BRF-DTAN is able to separate
such bidirectional patterns, as shown in Fig. 3, the local
selection mechanism may introduce residual reconstruction
noise in overlapping regions, which reduces the improvement
measured by the correlation-based metric.

V. CONCLUSIONS AND FUTURE WORK

In this work, we addressed bidirectional temporal alignment
from a time-warping perspective and showed that standard RF-
DTAN is limited by its reliance on order-preserving transfor-

mations, which cannot represent opposite temporal directions
within the same analysis window. To overcome this limita-
tion, we extended the admissible warp family and introduced
a bidirectional formulation with a soft gating mechanism
that locally selects the most consistent alignment hypothesis.
The resulting framework can handle both unidirectional and
bidirectional temporal patterns. While demonstrated on DAS
traffic-monitoring data, the formulation is general and can
be applied to other multidirectional time-series alignment
problems. Future work will focus on reducing reconstruction
noise in overlapping regions and extending the method to more
complex geometries, such as curved road segments.
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