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Deep Deconvolution for Traffic Analysis with
Distributed Acoustic Sensing Data
Martijn van den Ende, André Ferrari, Anthony Sladen, and Cédric Richard

Abstract—Distributed Acoustic Sensing (DAS) is a novel vibra-
tion sensing technology that can be employed to detect vehicles
and to analyse traffic flows using existing telecommunication
cables. DAS therefore has great potential in future “smart
city” developments, such as real-time traffic incident detection.
Though previous studies have considered vehicle detection under
relatively light traffic conditions, in order for DAS to be a
feasible technology in real-world scenarios, detection algorithms
need to also perform robustly under a wide range of traffic
conditions. In this study we investigate the potential of roadside
DAS for the simultaneous detection and characterisation of
the velocity of individual vehicles. To improve the temporal
resolution and detection accuracy, we propose a self-supervised
Deep Learning approach that deconvolves the characteristic car
impulse response from the DAS data, which we refer to as a
Deconvolution Auto-Encoder (DAE). We show that deconvolution
of the DAS data with our DAE leads to better temporal resolution
and detection performance than the original (non-deconvolved)
data. We subsequently apply our DAE to a 24-hour traffic cycle,
demonstrating the feasibility of our proposed method to process
large volumes of DAS data, potentially in near-real time.

Index Terms—Distributed Acoustic Sensing, self-supervised
Deep Learning, non-blind deconvolution, traffic analysis

I. INTRODUCTION

Distributed fibre-optic sensing is an emerging technology
that enables the measurement of strain and/or temperature at
specific locations along fibre-optic cables. In a nutshell, the
measurement principle relies on sending pulses of light into
one end of an optical fibre and analysing the light that returns
to the detector after having been scattered at nanometric
scattering sites along the fibre (see [1] for an in-depth dis-
cussion). These scattering sites are an inevitable consequence
of the fibre production process, so any commercially-available
fibre-optic cable is amenable to sensing. Using interferometric
techniques, the analysis of the scattered light yields insights
into stretching of the fibre or temperature changes at fixed
sensing points along the fibre. As such, this technology turns
fibre-optic cables into arrays of sensors and has opened up
a plethora of opportunities for engineering, geophysics, and
environmental sciences. Examples of successful applications
include structural integrity monitoring [2], wellbore seismo-
logy [3]–[5], permafrost and aquifer monitoring [6], [7], and
laboratory rock mechanics experiments [8], [9].

As a subset of distributed fibre-optic sensing, Distributed
Acoustic Sensing (DAS) with phase-Optical Time Domain
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Reflectometry (usually referred to as Φ-OTDR) permits dis-
tributed measurements of strain (rate) over distances of several
tens of kilometres with a spatial resolution of the order
of metres. Unlike counterpart technologies like Optical Fre-
quency Domain Reflectometry, the time-sampling rate can be
as high as several kHz, making it highly suitable for large-
scale seismic experiments – see [10] and [11] for recent and
detailed reviews of the technology and applications of DAS
in seismology. While earthquakes and other seismic events
like active sources or quarry blasts are of primary interest
to many seismic studies using DAS, other sources of ground
vibrations have likewise been considered. For example, cars
have been analysed as a source of energy in roadside seismic
interferometry studies [12]–[14], but also to infer the impact
of COVID-19 lockdown measures [15], and to detect traffic
flows [16], [17].

One strong advantage of DAS is that it can utilise existing
fibre-optic cables used for telecommunication, rather than
requiring dedicated cables to be deployed. This ability to tap
into existing fibre-optic infrastructures greatly expedites the
development of “smart” applications in urban areas, which
often feature dense fibre-optic cable networks, such as real-
time traffic flow monitoring. While existing technologies like
traffic cameras and pneumatic tubes provide point measure-
ments of the number and/or the speed of vehicles at a given
location, DAS can provide measurements of passing vehicles
every few metres along many kilometres of road. Moreover,
DAS measurements are inherently anonymous (as opposed
to traffic camera footage) eliminating privacy concerns and
avoiding privacy regulations. Thus, DAS is a strong contender
for future city-scale traffic analysis applications.

While a human analyst can often easily spot a car in DAS
data, it is more challenging to automatically detect individual
vehicles and extract their velocity. Some automated extraction
methods have been proposed that work well when the cars
are well-separated in time and space [16], [18], but for robust
traffic analysis in densely-populated urban areas, the extraction
procedures need to be able to handle intermediate-density and
heavy traffic situations (e.g., rush hour), which in turn requires
high spatio-temporal precision of the employed method. In
this study, we detail a self-supervised Deep Learning method
that incorporates prior knowledge of the vehicles’ signals
in order to achieve high-resolution detection and velocity
estimation performance. In short, our model can be described
as a “Deconvolution Auto-Encoder”, and we subsequently
perform the detection and velocity estimation on deconvolved
DAS data through conventional beamforming techniques. Our
results show an improvement of the temporal resolution of the
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analysis with fewer false positive and missed detections, while
requiring only minimal efforts to train and deploy the Deep
Learning model.

This paper is organised as follows: first, we describe in more
detail in Section II the DAS measurement principle and the
expression of cars in the DAS data. Also in this section we
touch upon the concept of deconvolution that underlies our
approach. Next, in Section III we describe our methods in full,
after which we show the qualitative and quantitative results of
these in Sections IV and V, respectively. Lastly, we frame the
results of this study in a broader context of traffic monitoring
and “smart” cities in Section VI.

II. EXPRESSION OF VEHICLES IN DAS DATA

To ensure a full appreciation of our approach, we begin with
a detailed exhibition of roadside DAS measurements of cars
– see Fig. 1. Permanent deployments of fibre-optic cables are
often buried (trenched) or placed within underground conduits,
so we assume here that the DAS system is placed alongside
a road at some depth below the surface. As a car drives
past a given sensing point, the subsurface deforms due to
the weight of the vehicle pressing down on the road. This
deformation is transferred to the fibre-optic cable, leading
to a strain of measurable amplitude. When the car is non-
stationary, the changes in the strain field as the car passes
by are correspondingly recorded as a strain rate. This quasi-
static or geodetic deformation at a point in the subsurface is
well described by the Flamant-Boussinesq approximation [14],
[19]:
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In this expression, ux is the particle displacement in the x-
direction, defined parallel to the road (and the fibre), at a
point (x, y, z) (y being the horizontal distance perpendicular
to the road and z the depth beneath the surface) relative to
the location of a point load positioned at the origin. The
distance from the origin is given by r =

√
x2 + y2 + z2.

The point load exerts a total force F onto an infinite half-
space with uniform shear modulus G and Poisson’s ratio ν.
The particle velocity u̇x is obtained by differentiating (1)
with respect to time, and noting that ẋ is the velocity of
the car travelling in the x-direction. Consequently, the quasi-
static signature of a car in the DAS data travels at the speed
of the car, and not at seismic wave speeds (see Fig. 1b).
Lastly, the DAS system does not measure particle motions,
but the average longitudinal strain (rate) between two sensing
points, the distance between which is called the gauge length.
An expression for the equivalent DAS measurement is found
simply as:
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for strain and strain rate, εDAS and ε̇DAS , respectively (L
representing the gauge length). For typical distances between

the fibre and the vehicle, the characteristic signature of a
vehicle in the DAS data is relatively simple (see Fig. 2a).

Conversely, the interactions between the car tyres and the
road generate surface waves that travel away from the source
point at seismic speeds, and which are relatively complicated
to analyse (see Fig. 1c). While the quasi-static deformation
induced by a vehicle is mostly controlled by the distance of
the fibre with respect to the road, the dynamic deformation
patterns resulting from the surface waves are dispersive and
highly sensitive to local variations in attenuation. Nonetheless,
these high-frequency dispersive surface waves are useful for
roadside DAS interferometry studies [12]–[14]. In a previous
study of traffic flows by [18], cars were detected mostly based
on the dynamic deformation they induced. However, as is clear
from Fig. 1d, the DAS recordings in the quasi-static frequency
band (0.1-2 Hz) are substantially simpler and more localised
in time, and so for this study we focus on this frequency band.

Even though the quasi-static deformation patterns of vehi-
cles are relatively simple and compact, they still comprise a
finite duration and spatial extent (roughly 2 s at a speed of
70 km hr−1 for the main lobes; Fig. 2a). Note that Eq. (1)
is parametrised in terms of x, but which can be substituted
for time t using x = vt (v being the speed of the car). When
two cars are closely-trailing, their deformation patterns start to
overlap, potentially creating more complicated superpositions.
Additional complications arise when the DAS system records
multiple cars travelling in opposite directions, or when trains
of cars pass by. In such cases, simple thresholding and peak
detection techniques may easily fail to detect and separate the
vehicles in the dataset.

The approach adopted in this work is motivated by the fact
that, in principle, the quasi-static deformation pattern of a sin-
gle car is simple and easy to recognise. While the characteristic
deformation pattern measured at a given DAS sensing point
may be somewhat obscured by noise (Fig. 2b), a relatively
noise-free signature of a car can be extracted by stacking
the measurements of multiple sensing points after shifting the
recordings according to the speed of the car (Fig. 2a). Since
the waveform shown in Fig. 2a represents that of a single car
situated at t = 0, one can interpret this as the impulse response
of the car. And since the impulse itself is infinitely localised
in time/space (i.e., the vehicle can be treated as a point load),
deconvolution of the DAS data should thus yield a series of
narrowly-concentrated peaks. The expectation is therefore that
the detection and estimation of the velocity of vehicles can be
performed in much higher resolution when the analyses are
performed on the deconvolved data.

III. METHODS

A. DAS data acquisition and processing

The DAS data that are used in this study were acquired
during a 16 day measurement campaign that took place from
12 to 28 November 2019 near the city of Montélimar, France
(Fig. 3). A commercial telecommunication fibre that was
deployed along a main road connecting the villages of Alba-
la-Romaine, Saint-Thomé, and Valvignères, was sensed with
a Febus A1-R interrogator (Supplementary Table S1) at a
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Fig. 1. Synoptic overview of roadside DAS measurements. a) The weight of the car presses down on the ground, inducing quasi-static deformation of the
subsurface (cyan). While the car is driving, interactions between the tyres and the road cause dynamic deformation (red). A buried fibre-optic cable (yellow)
is able to sense both. The black dots approximately indicate the distance between sensing points; b) The quasi-static deformation of a vehicle is easily
recognisable and produces a relatively simple pattern that can be tracked in space and time; c) Even though its amplitude is higher than that of the quasi-static
deformation, the dynamic deformation of a vehicle is more complex; d) The strain rate recordings at one specific DAS channel (indicated by the white dotted
line in panels b an c).



4

4 2 0 2 4
time [s]

a

Measured
Model

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
time [s]

b

Fig. 2. a) The measured impulse response of a single car (obtained from stacking multiple DAS channels) as compared to a model based on Eq. (2b); b)
Example of DAS recordings of multiple cars travelling in the same direction (towards the interrogator). At around 12.5 s two cars are seen that are closely
behind one another, such that their deformation patterns start to overlap. The vertical axis is in arbitrary units.
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Fig. 3. Geographic location of the fibre-optic cable (blue) and the segment of
interest (red). For reference, the road network is included in black. The cable
is deployed alongside the main road that connects the three villages indicated.

temporal sampling frequency of 400 Hz. The DAS channel
spacing was set equal to the gauge length of 3.2 m, for a
total fibre length of 14 km. Along this cable we identified a
segment between 4.88-4.96 km (indicated in red in Fig. 3) that
displayed a very good signal-to-noise ratio, most likely owing
to the high-quality coupling between the trenched cable and
the subsurface. This segment features 24 sensing points in
total. We extracted 48-hours’ worth of data for the selected
segment, which was subsequently filtered in a 0.1-2 Hz pass
band and downsampled to 50 Hz.

The road under consideration is a two-lane major road with
a speed limit of 80 km hr−1 and serves both personal vehicles
and lorries of various sizes, the main difference between these
two being the strain rate amplitude at which they appear in the
DAS data. The DAS system clearly records vehicles coming
from both directions. The selected road segment is straight

and cars typically maintain a constant speed throughout, as
there are no intersecting roads, curves, or traffic obstacles
that alter the steady flow of traffic. The average speed over
this segment is therefore representative for the instantaneous
vehicle speed in the majority of cases. Unfortunately, no
other traffic monitoring instrumentation was available near this
segment, so that the analyses that follow cannot be compared
to independent measurements.

B. FISTA deconvolution algorithm

Before describing the Deep Learning model and training
procedure, we will detail a conventional deconvolution algo-
rithm that was used as a reference. The task of deconvolving
the DAS data recorded at the q-th sensing point, yq , is
expressed by the following objective function:

x̂q(t) = arg min
x

{
1

2
|| [k ∗ x]t − yq||

2
2 + ρ||x||1

}
(3)

in which [k ∗ x]t represents the convolution between the
(known) impulse response k and the underlying impulse model
x, and ρ controls the strength of the `1-regularisation on x.
The regularisation is included to acknowledge the notion that
the number cars on the road is relatively small; at most, one
car every two seconds is expected to pass a given sensing
point. One commonly used algorithm to solve this optimisation
problem is the Iterative Shrinkage Thresholding Algorithm
(ISTA; [20], [21]). For this study, we adopt an accelerated
version of ISTA (Fast-ISTA or FISTA) due to [22], which
exhibits faster convergence guarantees. This iterative algorithm
is implemented in JAX [23] following Algorithm 1:

In Algorithm 1, soft(·|ρ) denotes the soft-thresholding func-
tion with threshold parameter ρ, defined as:

soft(x|ρ) =


x− ρ, if x > ρ

0, if |x| ≤ ρ
x+ ρ, if x < −ρ

(4)

To deconvolve the DAS data, we split the data into windows
each 100 s in length and the optimisation is repeated for each
time window, which are subsequently concatenated to yield
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Algorithm 1: FISTA deconvolution algorithm
Require: Convolution kernel K, DAS data y, step size
δ, regularisation strength ρ;

Initialise: x0 ∼ N , r0 ← x0, t = 1;
while i < imax do

xi+1 ← soft (r− δKᵀ [Kxi − y] |ρ);

ti+1 ← 1
2

(
1 +

√
1 + 4t2i

)
;

ri+1 ← xi +
(
ti−1
ti+1

)
(xi − xi−1);

i← i+ 1;
end

a deconvolved dataset. The update step size of the (F)ISTA
algorithm is controlled by the largest eigenvalue λmax of
KKᵀ, where K is the convolution matrix constructed from
the impulse response k such that Kx = [k ∗ x]t. In this study
we set the step size equal to δ = λmax/10 to ensure stable
iterations, and we empirically choose regularisation parameter
ρ as 1.5× 10−3.

In the FISTA approach, each DAS channel is decon-
volved independently of the others (i.e., the algorithm is a
single-channel deconvolution procedure). This is certainly sub-
optimal, since the most distinguishing feature of vehicles in
the DAS data is their spatio-temporal coherence (as in Fig. 2b).
We can therefore attempt to improve on this method with a
Deep Learning approach.

C. Deconvolution Auto-Encoder

1) Architecture: The Deep Learning architecture adopted
for this study (see Fig. 4) is that of a light-weight U-Net [24]
which acts as an Auto-Encoder as explained henceforth (see
also Supplementary Text S1). The model takes as an input a
set of Nq = 24 consecutive waveforms of Nt = 1024 time
samples (20.48 s) in duration, organised in an Nq×Nt matrix,
which is passed onto a U-Net comprising 3 convolutional
layers, followed by 3 encoder blocks, each featuring a down-
sampling operation and 3 convolutional layers. The learnable
kernels for the convolution layers are of size 3 × 5, with the
number of filters doubling after each downsampling operation,
starting at 8 filters. The maxpooling operation downsamples
the data by a factor 2 along the DAS sensor axis and by a factor
4 along the time axis (i.e, the maxpooling kernel and strides are
of size 2× 4). After the encoding operations, the latent space
is consequently of size 3× 16× 64. The decoder reverses the
encoding operations with 3 blocks of bilinear upsampling. The
characteristic feature of the U-Net architecture is the presence
of skip-connections, which directly connect the output of one
encoder block with the corresponding (diametrically opposite)
decoder block. Hence, after each upsampling operation, the
output from the corresponding encoder block is concatenated
to the upsampled data along the feature (channel) axis. The
concatenation is followed by 3 convolutional layers. Lastly,
the output layer is a single convolutional layer with 1 output
channel and ReLU activation, which enforces positivity and
sparsity in the model output. Each convolutional layer other
than the output layer is followed by a Swish non-linearity

[25], and an insertion layer of Gaussian additive noise with
zero mean and unit variance for further regularisation.

The key step to turn this architecture into a self-supervised
deconvolution algorithm (and thus an Auto-Encoder in the
strict sense), is to convolve the model output x with the
impulse response k (Fig. 2a) along the time-axis. Hence,
for a batch of inputs {y1, y2, . . . , yNb

} (x, y ∈ RNq×Nt ,
k ∈ R1×Nk , Nb = 128), the following objective function is
minimised:

L =
1

Nb

Nb∑
i=1

(
|| [k ∗ xi]t − yi||

2
2 + ρ||xi||1

)
(5)

Again, [k ∗ xi]t denotes the convolution between k and x along
the time-axis, and ρ is a parameter that controls the sparsity
on x. Here we set ρ = 10, which seems to strike a good
balance between sparsity and fidelity. Optimising this training
objective will naturally lead to a model output x̂ which, after
convolution with k, recovers y, and thus yields a deconvolution
algorithm. We hence refer to this Deep Learning approach
as a Deconvolution Auto-Encoder (or DAE for short). Also
note that, like any self-supervised method, no ground truth or
knowledge of the underlying impulse model x is required; the
only information provided to the model is the impulse response
k. Moreover, unlike the FISTA algorithm detailed in the pre-
vious section, the DAE utilises spatio-temporal correlations to
construct the impulse model, and hence can incorporate spatio-
temporal characteristics of vehicles (like their expected move-
out and amplitude modulation) as inductive biases during
training. It is expected that this gives the DAE an edge over
the conventional FISTA method.

2) Training procedure: Empirically, we observed during
exploratory experiments that the DAE converges faster and is
more robust when trained on DAS strain data, rather than strain
rate data. While we have not explored the underlying reason
for this, we hypothesise that this might be related to symmetry:
in strain, the impulse response of a vehicle is approximately
symmetric, whereas in strain rate it is anti-symmetric. The
superposition of multiple shifted anti-symmetric signals leads
to destructive interference, which may hamper convergence.
We therefore convert the input data from strain rate into strain
by frequency-domain integration, i.e., the data are divided by
−2πn in the frequency domain, with temporal frequency n,
and transformed back into the time-domain. Likewise, the
impulse response is converted into a strain representation
(shown in Fig. 4). Since this strain representation is surpris-
ingly close to a Ricker wavelet (also known as the “Mexican
hat”), we replace the empirical impulse response with a Ricker
wavelet, which has more favourable spectral characteristics
while minimally sacrificing reconstruction fidelity.

The strain data is subsequently divided into training and
validation splits. To ensure that the statistics of the training
and validation datasets are similar, we split the 48-hour DAS
dataset 50-50 so that both the training and validation sets
include a 24-hour traffic cycle (including rush hours). These
datasets are fed into a dataloader that creates batches of 128
samples × 24 DAS channels × 1024 time samples by extract-
ing random slices from each respective dataset. In addition,
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Fig. 4. Conceptual overview of the Deconvolution Auto-Encoder (DAE). The DAS data is fed into a U-Net Auto-Encoder, of which the output is convolved
with a known impulse response (along the time-axis) to obtain a reconstruction of the input. The number of convolution filters in each layer are as indicated.
The deconvolution performance is improved by converting the DAS data from strain rate into strain, and subsequently replacing the measured impulse response
with a Ricker (“Mexican hat”) wavelet.

random flips along the channel and time axes are performed
to create more data diversity. New batches are created after
each epoch, and the time slices are randomly selected each
time. Because of the random sampling the concept of one
epoch is not well defined, so we arbitrarily define one epoch
to comprise 10,000 samples in total. We then train the model
for 1000 epochs (taking less than 12 hours on a single Nvidia
Quadro P4000 GPU), at which point the performance saturates
at the same level for both the training and validation set,
suggesting minimal overfitting (see Supplementary Figure S1).
The model is relatively small (only 305,089 trainable parame-
ters), and so its capacity for overfitting is minimal. Increasing
the size of the model did not lead to better performance.

At test time, the data in the validation set are split in regular
non-overlapping 1024-sample slices, which are fed into the
model. The model output x for each slice is concatenated to
create the deconvolved dataset.

D. MUSIC beamforming and slowness correction protocol

Beamforming is a commonly-used array processing tech-
nique that estimates the direction of arrival of various signals
impinging on a sensor array [26]. In seismology, seismic
beamforming (and associated back-projection) is used to es-
timate the direction of arrival and the apparent velocity of
incoming seismic waves propagating across a seismometer
array [27], [28]. Since DAS constitutes a (curvi-)linear ar-
ray of single-component seismic sensors, it is amenable to

beamforming analysis [29], and established techniques can be
adopted for the analysis of the vibrations induced by moving
vehicles. In this study, we employ frequency-domain MUSIC
beamforming [30], which typically exhibits better resolution
than (time-domain) delay-and-sum beamforming, particularly
for multiple sources [27].

Consider a single car travelling with signed velocity v. At
a given sensor q and time instant t, the signal yq recorded by
the q-th sensor can be represented in the frequency domain
as:

Yq(n) = z(n)e−2πn∆tq + eq(n) (6)

where z is the frequency-domain representation of the signal
emitted by the car (with frequency n), eq is the noise recorded
at the q-th sensor. The exponential multiplying the signal rep-
resents the phase shift due to a time delay ∆tq , which in turn
is related to the position of the car with respect to the sensor.
For an array of equidistant sensors separated by a distance L,
we can express this time delay as ∆tq = qL/v = qLs (s
denoting the reciprocal velocity, or slowness, of the car). For
the purpose of estimating a vehicle’s velocity, we discretise
the range of attainable slowness values and decompose the
slowness into a reference slowness s0 and a perturbation ∆si,
i.e. si = s0 + ∆si. By taking s0 to be the reciprocal of the
expected mean velocity of the cars (or the road’s speed limit),
this constant term can be factored out of Eq. (6), i.e.:

Yq(n)e2πnqLs0 ≡ Y ′q (n) = z(n)aq(n) + e′q(n) (7)
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t = 7.5 sa t = 4.0 sb

Fig. 5. Schematic illustration of the concept of factoring out the reference slowness. a) The time-window needed to comprise a single vehicle, including its
move-out, is 7.5 s, and also includes most of the deformation induced by a second vehicle travelling in the opposite direction; b) The time-window needed
to comprise a single vehicle after shifting the waveforms according to a reference slowness is only 4 s, and excludes most of the second vehicle.

with aq(n) ≡ e−2πnqL∆si being the q-th component of the
steering vector a(n). In the time domain, y′q now represents
a DAS measurement that is aligned according to s0 = v−1

ref ,
the motivation for which will be clarified in a moment. We
then follow standard MUSIC beamforming protocol [30] by
estimating the element (i, j) of the covariance matrix C as:

Cij =
1

|B|
∑
n∈B

Y ′i Y
′
j (8)

where the sum extends over all frequencies n in a narrow
frequency band B (here, 0.5-2 Hz). To reduce boundary effects
in the Fourier transformation, we estimate C using the multi-
taper method [31]. The MUSIC pseudo-power spectrum is
subsequently obtained as the reciprocal of the projection of
the steering vectors onto the noise space of C, spanned by the
Nq−Ns smallest eigenvectors (with Ns denoting the presumed
number of sources; in this study, Ns = 2).

To see the advantage of performing the slowness factorisa-
tion, we consider a situation as depicted in Fig. 5a. Here, two
vehicles are present in the (synthetic) DAS data, one travelling
away from the interrogator (top-left to bottom-right) with a
velocity +vref and one travelling in the opposite direction with
a velocity −vref. The time window that is needed to fully
comprise the latter vehicle is 7.5 s in duration. Consequently,
almost all of the deformation induced by the former vehicle
is included in this time window, and this may interfere with
the overall waveform coherence. Conversely, after factoring
out the reference slowness s0 = −v−1

ref , the vehicle travelling
towards the interrogator (bottom-left to top-right) now forms
a vertical trace of aligned waveforms, and a much tighter
time window of 4 s can be defined that still fully comprises
the vehicle’s signature. The vehicle travelling in the other
direction has mostly been shifted out of the time window, so
that ultimately the MUSIC pseudo-power is dominated by the
vehicle with negative velocity. The opposite result is achieved
by setting s0 = +v−1

ref , highlighting the vehicle travelling with
positive velocity.

A second important consequence of the slowness factorisa-
tion is that it counteracts phase inaccuracies that stem from

the narrowband assumption: by factoring out the reference
slowness s0, the steering vectors comprise a set of exponentials
with arguments centred around and close to zero (for a
sufficiently narrow range of ∆si). As a result, the mismatch
between the central frequency n̄ = 1

|B|
∑
n∈B n used to com-

pute the steering vectors and the (narrow) band of frequencies
used to estimate Cij contributes less to inaccuracies in the final
beamforming result. This can be easily seen by assuming that
v = vref (∆si = 0), such that the optimal steering vector
has an argument that is independent of the central frequency,
for it is always zero. Moreover, it is favourable to choose a
frequency band (and central frequency) that are relatively low
in value, as long as the signal-to-noise ratio of the recordings
is sufficient in that frequency band. The drawback of choosing
a low-frequency band is that the temporal resolution decreases
concurrently. A suitable frequency band that balances ac-
curacy, signal-to-noise ratio, and temporal resolution much
therefore be carefully chosen. For larger deviations from s0,
the narrowband assumption contributes increasingly more to
the inaccuracy of the beamforming results, and so it would
be recommended to sacrifice temporal resolution in favour of
accuracy of the speed estimate. It is worth noting that s0 (or
equivalently vref ) could be dynamically adjusted to reflect the
current anticipated speed of traffic, for instance by considering
a long-term average of the traffic speed.

Our beamforming protocol is then as follows: we begin by
factoring out the reference slowness s0 = v−1

ref from the input
data, taking vref to equal the speed limit of 80 km hr−1. Note
that the input data can either be the original DAS data, or
the data deconvolved by FISTA or the Deconvolution Auto-
Encoder. We then take a beamforming window of 24 DAS
channels by 1.6 s in the case of original data, or 1.0 s in
the case of deconvolved data. These window sizes have em-
pirically provided the best trade-off between time-resolution
on the one hand, and beamforming accuracy and robustness
on the other. We then slide this window through the input
data with strides of 0.2 s, estimating C for each time window
and computing the MUSIC pseudo-spectrum. This procedure
is repeated by shifting the input data according to s0 = −v−1

ref .
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The resulting output of the algorithm for each time window
is a distribution of beampower over the discretised slowness
perturbation ∆si, which are converted back into velocity as
vi = (s0 + ∆si)

−1. As such, we obtain a distribution of
beampower as a function of (signed) velocity and time.

In order to identify individual vehicles in the beampower
distributions, we employ a basic local peak estimation algo-
rithm, treating the beampower obtained for each traffic direc-
tion (positive and negative vi) as an image with a velocity-
axis and a time-axis. We calculate the maximum beampower
along the velocity-axis, which gives the maximum beampower
as a function of time. To these time series we apply the
“find peaks” algorithm from the SciPy library [32], requiring
a minimum distance between subsequent peaks of at least 1 s
(since it is highly unlikely to find two cars trailing within 1 s
of one another). The second criterion for determining peaks
in the beampower is given by the topological persistence,
or “prominence” threshold, of a peak, which is a measure
of how well a peak stands out from its surroundings. This
threshold is a hyperparameter that will be tuned to achieve an
optimal trade-off between correct detections, false positives,
and false negatives. Finally, for each detected peak in time the
corresponding velocity is obtained as the location of maximum
beampower along the velocity-axis.

The complete analysis workflow is illustrated in Supple-
mentary Figure S2.

IV. QUALITATIVE RESULTS

A. Deconvolution

As a first verification of the proposed deconvolution meth-
ods, we briefly inspect some examples of deconvolved data
– see Fig. 6. Fig. 6a shows two cars travelling away from
the interrogator, separated in time by about 15 s such that
their induced deformation patterns do not interfere. For both
the FISTA and Deconvolution Auto-Encoder methods (Fig. 6b
and c, respectively), we see a sharp ridge of narrowly-localised
impulses at the location of each car. The DAE shows some
parasitic peaks at seemingly random locations, which, owing
to their spatio-temporal incoherence, will not affect the beam-
forming performance. The FISTA deconvolution results show
a minor secondary ridge of negative impulses for each car,
but since these are aligned with the main ridge, they will be
indistinguishable in the beamforming analysis.

A more challenging example is shown in Fig. 6b, which
features a train of 5 closely-trailing cars. The closest time-
separation between the first two vehicles is less than 2 s, and
so this example is representative for the challenge that this
study aims to address. Like in the previous example, the FISTA
deconvolution approach produces multiple ridges of impulses
per vehicle, while the DAE suffers from some randomly posi-
tioned parasitic peaks. But, as aforementioned, these artificial
features do not necessarily affect the beamforming results.

Overall, the FISTA deconvolution results are more sparse
and narrowly-localised in time, while the DAE seems to
produce more robust and easily-interpretable results. However,
the total computation time to process roughly 4-hours’ worth
of DAS data with FISTA was over 7 minutes, while passing

the same amount of data through the DAE took just over
1 second. This > 400 times speed-up is a significant factor
of consideration when processing large volumes of DAS data
(potentially in real-time).

B. Beamforming performance: light traffic

Next, we consider the performance of the beamforming
analysis in a scenario of light traffic, such that all vehicles
are clearly separated in space and time – see Fig. 7. In the
first example (Fig. 7a, the same as Fig. 6a), two cars are
travelling in the same direction (away from the interrogator),
while in the second example (Fig. 7b) two cars are travelling
away and one is travelling towards the interrogator. In panels
c-h we show the (logarithm of the) MUSIC pseudo-power
in red for positive velocities (away from the interrogator)
and in blue for negative velocities (towards the interrogator).
The estimations of the local peaks above the persistence
threshold are included as cyan disks. For these relatively
simple examples, the detection performance on the original
and FISTA-deconvolved data is good but not perfect, with
two false positives registered for the second example in the
original dataset (Fig. 7d) and one false positive detection in
each of the examples in the deconvolved datasets (Fig. 7e and
f). The detection performance on the DAE-deconvolved data
is perfect (no false or missed detections). The estimation of
the velocity is consistent across all datasets, with a resolution
of approximately ±5 km hr−1. However, beamforming on the
deconvolved data clearly produces peaks in beampower that
are much more localised in time.

One challenging aspect of the DAS data set is that it
contains both personal vehicles and heavy-duty trucks/lorries,
the latter being less common but exhibiting a much higher-
amplitude footprint in the data. Moreover, these trucks are
sufficiently heavy to generate low-frequency surface waves,
which fortunately are of lower amplitude but are still visible
in the data. Fig. 8a shows an example of two trucks separated
about 10 s in time, with the first truck clearly generating
relatively strong surface waves (e.g. the quasi-vertical line at
around 10 s). When attempting to deconvolve these DAS data
with the FISTA method (Fig. 8c), we see a relatively dense
impulse model emerging with a temporal extent that is even
larger than the original data. This is clearly undesirable, and
when comparing the beamforming performance on the original
with the FISTA-deconvolved data, we see that the resolution
of the deconvolved data is worse (c.f. Fig. 8b with d). Lastly,
the DAE manages to produce an impulse model that is rather
similar to that of cars, being fairly sparse and well-localised
(Fig. 8e). However, additional parasitic ridges of impulses are
produced, which result in isolated clusters of beampower and
are erroneously classified by the peak detector as individual
vehicles (Fig. 8f).

In summary of this section, beamforming under light traffic
conditions leads to similar car detection performance when
considering the original DAS data, or when considering the
deconvolved data (using either FISTA or the DAE). In the case
of heavy trucks, beamforming the deconvolved data leads to
lower-resolution detections (FISTA) or to spurious detections
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Fig. 6. Examples of the deconvolution performance of the proposed methods. a,b) Original DAS data; c,d) Deconvolved data using the FISTA method; e,f)
Deconvolved data using the Deconvolution Auto-Encoder.

(FISTA and DAE). Fortunately, trucks can be easily identified
based on the amplitude of the deformation they induce, and
so can be dealt with in an appropriate manner, if needed.

C. Beamforming performance: intermediate-density traffic

The problem of detecting cars in light traffic conditions is
easily solved with standard beamforming techniques without
additional treatment of the data. In the case of heavy traffic, the
flow of traffic can be treated as a continuum in which all vehi-
cles travel at roughly the same speed (constant flux), which is
trivially determined with beamforming analysis. However, for
intermediate-density traffic situations, new challenges arise:
since it cannot be guaranteed that vehicles travel at the same
speed within the same lane, nor that the flow of traffic is
continuous (short periods of no traffic), a high-resolution
beamforming approach is needed to detect individual vehicles,
even when these vehicles are closely trailing such that their
signatures overlap – three examples of this are shown in Fig. 9.
In the first example (Fig. 9a), there are two cars that are
trailing within several seconds of one another, but sufficiently
distant to be easily separable by eye. When performing the
beamforming on these data, the peaks in beampower are
overlapping owing to the size of the beamforming window
(Fig. 9d). As a result, the peak detector produces some false
positives. Looking at the beamforming performance on the
data deconvolved with FISTA (Fig. 9g) and with the DAE
(Fig. 9j), we observe clearly separable peaks in beampower,

facilitating more robust detections from the peak detection
algorithm. In spite of this, two additional false detections are
still raised for the FISTA data.

The second example (Fig. 9b; the same as in Fig. 6b) is
more challenging, as the vehicles are sufficiently close to
have overlapping deformation patterns. In total, 5 cars are
present in this example, and the first two cars (starting at
5 s) are separated in time by less than 2 s. Performing the
beamforming on the non-deconvolved data, we surprisingly
recover 4 out of the 5 vehicles (Fig. 9e) with an additional false
positive, even though the clusters of beampower overlap. The
first car in the train did not produce any significant beampower,
and is therefore undetectable. Performing the detection on the
FISTA data gives a perfect score (all vehicles detected, no
false positives; Fig. 9h), and the DAE data has one missed
detection (Fig. 9k).

The third and last example (Fig. 9c) is the most challenging
one. While it is hard to see clearly by eye, it is estimated
that there are 4 vehicles travelling away from the interrogator,
followed by 4 vehicles travelling towards the interrogator. Out
of these, the standard beamformer detects 3 in each direction
(Fig. 9f). The detection on the FISTA data also yields 3 and
3, but for each direction at least 1 vehicle is estimated to
travel very slowly (50 km hr−1; Fig. 9i), which is much slower
than anticipated and likely inaccurate. Lastly, the detection on
the DAE data achieves a perfect score, facilitated by clearly
localised clusters of beampower (Fig. 9l).
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Fig. 7. Two examples of beamforming performance during light traffic conditions. The top panels (a, b) show the original DAS recordings filtered in a
0.1-2 Hz pass band. The logarithm of the MUSIC pseudo-power in panels (b-h) is indicated in red for positive velocities (vehicles travelling away from the
interrogator), in blue for negative velocities (towards the interrogator). The cyan disks indicate the local peak in beampower.

Qualitatively, one can evaluate the effect of the traffic
density by comparing the beampower distributions of Fig. 7
with those of Fig. 9. Even for though the detection algorithm
applied to the DAE-deconvolved data achieves a perfect score
(Fig. 9l), one can see several additional but smaller peaks in
beampower that could potentially be detected by the detection
algorithm, leading to false positives. It is expected that the
performance during light traffic conditions is therefore more
robust than under intermediate-density traffic conditions. One
might argue that the detection performance depends on the
topological persistence (or prominence) threshold that is a
hyperparameter for the peak detection algorithm. A higher
threshold will lead to fewer peaks in beampower being clas-
sified as a detection, and so can lead to fewer false positives
(or conversely, fewer missed detections for a lower threshold).
Naturally there is a trade-off to be made here, which will be
investigated in more detail in the next section. What is useful
to mention here, is that the prominence of a peak is controlled
by the “background” level of beampower, or the level of
beampower in between two peaks. As can be seen in Fig. 9d,
the beampower in between the first two vehicles does not fully
return to the background level, which is a direct consequence

of the time-window used in the beamforming. When doing the
beamforming on the deconvolved data, a more narrow time-
window is achievable, leading to a more pronounced drop in
beampower in between subsequent vehicles (Fig. 9g and j). In
turn, this would permit a larger prominence threshold as each
peak stands out more clearly, leading to fewer false positives.
Fortunately, it is relatively straightforward to perform sup-
plementary analyses to determine the appropriate prominent
thresholds that optimally trades-off between false positives and
missed detections.

V. QUANTITATIVE RESULTS

A. Beampower peak detection

Performing the beampower on the original or deconvolved
data yields clusters of beampower, which need to be con-
verted into detections and speed estimations of individual cars.
The beampower peak detector as described in Section III-D
features the peak prominence as the sole tuning parameter,
which may need to vary between different datasets, as well
as between the two traffic directions (away from or towards
the interrogator). For each of these cases, we determine the
optimal peak prominence value based on the trade-off between



11

Or
ig

in
al

a

50

60

70

80

90

100

110

ve
lo

cit
y 

[k
m

/h
]

b

FI
ST

A

c

50

60

70

80

90

100

110

ve
lo

cit
y 

[k
m

/h
]

d

0 5 10 15 20 25
time [s]

DA
E

e

0 5 10 15 20 25
time [s]

50

60

70

80

90

100

110

ve
lo

cit
y 

[k
m

/h
]

f

Fig. 8. Example of deconvolution and beamforming performance for heavy trucks. The left panels show a) the original DAS data, c) the deconvolved data
using the FISTA method, and e) the deconvolved data using the Deconvolution Auto-Encoder. The corresponding MUSIC pseudo-power for each dataset is
given in the right panels (b, d, f).

TABLE I
DETECTION PERFORMANCE CHARACTERISTICS FOR BEAMFORMING ON
THE ORIGINAL (NON-DECONVOLVED) DATA, AND DATA DECONVOLVED

WITH THE FISTA METHOD AND WITH THE DAE. THE FIRST AND SECOND
NUMBER IN EACH CELL CORRESPOND WITH VEHICLES TRAVELLING AWAY

FROM AND TOWARDS THE INTERROGATOR, RESPECTIVELY. TP: TRUE
POSITIVES; FP: FALSE POSITIVES; FN: FALSE NEGATIVES; TPR: TRUE

POSITIVE RATE (ALSO KNOWN AS RECALL); FPR: FALSE POSITIVE RATE;
FNR: FALSE NEGATIVE RATE.

Original FISTA DAE
# of vehicles 332 forward / 97 backward
Prominence 1.0 / 0.8 0.5 / 0.35 1.2 / 0.65
TP 245 / 72 253 / 66 266 / 76
FP 181 / 194 85 / 165 36 / 78
FN 87 / 25 79 / 31 66 / 21
TPR 0.74 / 0.74 0.76 / 0.68 0.80 / 0.78
FPR (×10−3) 10 / 11 4.9 / 9.4 2.0 / 4.5
FNR 0.26 / 0.26 0.24 / 0.32 0.20 / 0.22
Precision 0.58 / 0.27 0.75 / 0.29 0.88 / 0.49

the true positive rate, the false positive rate, and the false
discovery rate, through a comparison between the inferred
peaks and a manually picked dataset. This manually-labelled
dataset was generated by marking the timings of vehicles

travelling either towards or away from the interrogator during
1 hour of intermediate-density traffic. In total, 429 vehicles
were identified during this hour, 332 of which travelling away
from the interrogator, and 97 travelling towards the interroga-
tor. For each automatic detection from the beampower peak
detector, we find the closest corresponding entry in the manual
dataset and accept it as a correct detection (true positive;
TP) if the time-gap between the two is less than 1 s. If the
time-gap between the automatic detections and the manual
picks is more than 1 s, or if multiple automatic detections
are assigned to one manual pick, the redundant detections
are labelled as false positives (FP). Lastly, the number of
false negatives (FN) is simply the number of manual picks
that do not have a corresponding automatic detection, and the
number of true negatives (TN) is the total number of analysed
time windows minus the number of false positives. In these
calculations, vehicle detections with an inferred speed lower
than 50 km hr−1 or higher than 110 km hr−1 are discarded
as outliers. The true positive rate (TPR; also known as recall),
false positive rate (FPR), and false discovery rate (FDR) are
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Fig. 9. Three examples of beamforming performance during intermediate-density traffic conditions, ordered by increasing difficulty. The top panels (a, b, c)
show the original DAS recordings filtered in a 0.1-2 Hz pass band. The logarithm of the MUSIC pseudo-power in panels (b-l) is indicated in red for positive
velocities (vehicles travelling away from the interrogator), in blue for negative velocities (towards the interrogator). The cyan disks indicate the local peak in
beampower.

then calculated as:

TPR =
TP

TP + FN
(9a)

FPR =
FP

FP + TN
(9b)

FDR =
FP

FP + TP
(9c)

The best trade-off between these three quantities is found by
varying the peak prominence threshold independently for each
dataset and traffic direction, with optimal values indicated by
the coloured dots in Fig 10a-d. A summary of the performance
characteristics is given in Table I and Fig. 10e.

Considering these performance metrics, we find that beam-
forming on the data deconvolved by the DAE systematically
outperforms beamforming on the non-deconvolved data, or on
the data deconvolved with FISTA; in all cases, the number
of false positives and missed detections is lower, and conse-
quently the number of correct detections higher. The difference
between the original and deconvolved data is not strongly
apparent from the true positive (rate) because of the calibration
of the prominence threshold; rather, the differences are most
apparent in the false positive and false negative statistics,

which clearly favour the DAE as the more reliable method
for detecting vehicles in the data.

B. Traffic flow statistics
When a detection is made, the corresponding peak in

beampower also provides an estimate of the speed of the
vehicle. From an assessment based on synthetic data, we
estimate that the accuracy of this estimation for a single
vehicle is ±2.7 km hr−1 (Supplementary Text S2), which is
better than commonly used technologies like roadside radar
and cameras. As a final exploration of the data, we apply
our vehicle detection and speed estimation method to the full
validation dataset, which spans 24 hours of data, deconvolved
with the DAE. To process 1 day of DAS data, the DAE took
just under 30 seconds. In order to deconvolve the same amount
of data with FISTA, the algorithm would have taken well
over 3 hours (based on the estimation cited in Section IV-A).
Subsequently, the beamforming on the deconvolved data took
over 18 minutes, and detecting the peaks in the beampower
roughly 2 seconds. The bottleneck in the analysis is therefore
the beamforming, but this was done with sliding window
strides of merely 0.2 s for the purpose of high-resolution
visualisation. For deployment purposes, one could consider
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Fig. 10. Overview of the detection performance of the proposed methods. a,b) Trade-offs between the true positive rate (or recall), the false positive rate, and
false discovery rate for vehicles travelling away from the interrogator (defined as the forward direction); c,d) The same as a,b, but for the vehicles travelling
towards the interrogator (defined as the backward direction); The coloured dots in panels a-d indicate the optimal peak persistence threshold selected for this
study. The total number of vehicles travelling in each direction are indicated in each panel title; e) Relative performance metrics measured at the optimal peak
persistence threshold, normalised by the detection performance on the original (non-deconvolved) dataset.

increasing the window stride, which proportionally reduces
the beamforming computation time, or to compute these in
parallel instead of sequentially.

Looking at the traffic statistics shown in Fig. 11a, daytime
and nighttime are directly recognisable by the traffic volume,
being relatively dense throughout the day with up to 150
vehicles per 15 minutes, and becoming lighter (less than 20
vehicles per 15 minutes) at night. Unsurprisingly, the standard
deviation of the DAS data in a 0.1-2 Hz frequency band
correlates well with these statistics. While the DAS signal
variance does not reveal much beyond first-order traffic density
information, variations in seismometer noise have previously
been analysed in relation to the effect of COVID-19 lockdowns
[33]. The DAS “noise” in itself can therefore be of interest as
a heuristic in some applications, such as for investigating the
effects of traffic managements strategies on traffic densities at
a regional scale.

Interestingly, while for most of the day the volume of traffic
travelling away from the interrogator (forward direction) is
slightly less than that for traffic travelling towards the inter-
rogator (backward direction), this balance is entirely reversed
during the early-morning period (between 06:00 and 08:00 on
Thursday 21 November 2019), when the vast majority of ve-

hicles are detected travelling in the forward direction. Manual
inspection reveals that this is not a detection artefact, and that
indeed many more vehicles are seen travelling in the forward
direction. During the experiment, the DAS interrogator was
located in the village of Alba-la-Romaine, at the northern end
of the cable (see Fig. 3). The forward direction, away from
the interrogator, is therefore in the direction of south. The
nearest major city in the region, Montélimar, is due east of
Alba-la-Romaine, and can be reached either through a minor
local road, or through the major road that is the subject of this
study. Normally the total travel time and distance is slightly
shorter when taking the minor road. However, several days
prior to the start of the DAS experiment, on 11 November
2019, an Mw 4.9 earthquake occurred close to the village of
Le Teil which lies on the route to Montélimar (in fact, the
DAS experiment was part of a rapid response campaign to
monitor aftershocks [34]). Due to extensive structural damage
to buildings in Le Teil, and to facilitate repair works, the road
to Montélimar was partially blocked. It is therefore likely that
many daily commuters and delivery personnel chose to take
a slightly longer route to Montélimar, to circumvent traffic
congestion in the village of Le Teil. As can be inferred from
the average speed recorded in Fig. 11b, the additional traffic
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Fig. 11. Traffic statistics for 24 hours of DAS data. a) Vehicle counts in each direction for 15-minute bin intervals, alongside the 15-minute binned (normalised)
standard deviation of the DAS data in the 0.1-2 Hz frequency band; b) 15-minute binned average of the speed of the detected vehicles. The road’s speed
limit is as indicated.

redirected to this road does not inhibit the flow of traffic (i.e.,
cause traffic jams), since the average speed remains fairly
steady near the speed limit. Only during the evening rush
hour (around 18:00) is there a small but noticeable drop in
the average speed.

VI. PERSPECTIVES FOR SMART CITIES

Having demonstrated the feasibility of using DAS to analyse
various traffic scenarios, we now turn to a brief outlook
on future developments, particularly for the application in
“smart cities” (sensu lato). It is likely that fibre-optic sensing
will contribute significantly to future developments of smart
cities in relation to solid media, including subsurface char-
acterisation [35], infrastructure monitoring of railways [36]
and roads [14], and structural integrity evaluations [2]. At
a regional scale, fibre-optic sensing has proven useful for
recording earthquakes [37] and avalanches [38], monitoring
glaciers [39], and inferring hydrological conditions of the
subsurface [7]. As extreme weather events like violent storms
and droughts will become more likely in the near future
[40], dense instrumentation and continuous observations of
the subsurface will be useful (or even critical) for agricul-
ture, water, land and forest management, preventive wildfire
measures, and slope stability surveillance. Since dense fibre-
optic infrastructures are already in place in urban [14] and
even rural [19] and submarine [41] environments, the main
technological breakthroughs needed to advance the field are
those that facilitate efficient and accurate processing of the
vast volumes of data generated by fibre-optic sensing.

The Deep Learning method proposed in the present study
simultaneously addresses both the efficiency and accuracy of

data processing workflows. As demonstrated in previous sec-
tions, deconvolution of the DAS data improves the reliability
of vehicle detection methods in intermediate-density traffic
scenarios. While the use of a conventional deconvolution
method like FISTA is hindered by the computation time,
estimated to take over 3 hours to deconvolve a 24-hour DAS
dataset, the proposed Deconvolution Auto-Encoder requires
less than 30 seconds to deconvolve the same dataset while
yielding higher deconvolution fidelity. Moreover, given that
the DAE is entirely self-supervised, the method can imme-
diately be adapted to new data sets without requiring costly
annotated data for retraining. In our area of study, the range
of vehicle speeds and accelerations was rather limited, but by
retraining the model on more diverse data it is expected that
the deconvolution performance remains optimal.

The rapidity of the proposed method warrants its application
to quasi-real time problems, which could include regional
traffic flow management, incident or anomaly detection, and
policy testing in (rural) localities where traffic cameras are
scarce or absent. Even in urban environments with dense
traffic camera coverage, DAS-based traffic monitoring is still a
valuable asset, as the deformation patterns induced by vehicles
themselves encode the state of the road through effective
elastic (and viscous [42]) properties of the tarmac. Long-
term variations in the deformation patterns might reveal road
degradation, in a similar manner as railway track and train
wheel condition is evaluated with DAS [36], [43], [44]. The
feasibility of DAS for this application still needs to be tested,
but undoubtedly more experiments will be conducted in the
near future.

In the foreseeable future, these experiments will likely
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be conducted using the pre-existing fibre-optic infrastructure
designed for telecommunication. These “dark fibres” are not
necessarily optimally deployed for new applications that DAS
has to offer. As these new applications are being developed,
advanced deployment practices like micro-trenching (as was
performed for our cable segment of study) and other forms
of fibre-ground coupling could help to improve the signal-
to-noise ratio of DAS measurements, and subsequently the
performance of any data analysis workflow [45]. Suggested
future work can also target the interplay between existing
(spatially sparse) instrumentation and (spatially dense) DAS
analyses, for instance for deeper verification of DAS-based
speed estimates and the role of non-constant vehicle speeds.

VII. CONCLUSIONS

In this study, we consider the vehicle detection and char-
acterisation performance of roadside Distributed Acoustic
Sensing (DAS). We propose a procedure that focuses on
the quasi-static deformation induced by individual vehicles,
recorded by DAS as a spatio-temporal pattern of strain rate.
By subsequently applying MUSIC beamforming to these DAS
data, individual vehicles can be detected and characterised
in terms of their velocity, but doing so under dense traffic
conditions is challenging. To improve the temporal resolution
of this approach, we propose to deconvolve the characteristic
impulse strain response induced by the weight of passing cars
from the DAS data, which leads to a higher temporal resolution
of the detections, as well as fewer false and missed detections.
For the purpose of multi-channel deconvolution, we develop
a self-supervised Deep Learning algorithm (a “Deconvolution
Auto-Encoder”) that outperforms a commonly-used conven-
tional deconvolution algorithm, the fast-Iterative Shrinkage
Thresholding Algorithm (FISTA). Not only does the DAE lead
to better vehicle detection performance, it is also > 400×
faster than FISTA, which is of practical importance for the
implementation of our method in real-world settings.
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Text S1 Introduction to Deep Learning and Auto-Encoding

Machine Learning, and Deep Learning in particular, have gained popularity in recent years for their versatility

and wide-scale applicability. In the domain of seismic waveform analysis (which is closely related to

our application of Distributed Acoustic Sensing), Deep Learning has been used for the purpose of signal

identification [Martin et al., 2018, Wu et al., 2019, Mousavi et al., 2020, Seydoux et al., 2020], time series

denoising [Zhu et al., 2019, Saad and Chen, 2020], and seismic wave arrival determination [Ross et al., 2018b,a,

Zhu and Beroza, 2019].

While the methodology of Deep Learning are often obscured by imprecise terminology inspired by biology, like

“learning” and “neurons”, the inner mechanics of a Deep Learning model are relatively straightforward. The

atomic building block of a Neural Network, also called a “layer”, is represented by a matrix multiplication

and vector addition, followed by a non-linear function called the “activation”. For some (multidimensional)

input x0, the output of a layer x1 is obtained as:

x1 = f (Wx0 + b) (1)

in which f(·) is a non-linear function, W is a matrix of which the elements are referred to as the “weights”,

and b is a vector of which its elements are referred to as “biases”. A basic Neural Network is then constructed

by sequentially chaining layers such that the output of one layer is the input of the subsequent layer.

Moreover, additional operations can be performed in between layers, such as downsampling, upsampling, and

normalisation. The final output of the Neural Network then represents a set of sequentially-applied non-linear

transformations applied to the original input, which facilitates high-dimensional mappings between some

input and a desired output.

During training of the Neural Network, the weights and biases of each layer, collectively denoted by θ, are

1



incrementally updated to solve the following objective function:

θ∗ = arg min
θ

E [L (y, Nθ(x))] (2)

Here, the Neural Network N parametrised by θ, transforms the input x as described above. The distance

between the output of the Neural Network and a ground truth y is then quantified by a distance function L
(for instance, the `2-norm: L (y, Nθ(x)) = ||y −Nθ(x)||2). Since the atomic operations performed by each

layer are differentiable, the optimal parameters θ∗ can be obtained by means of gradient descent.

One special case of Deep Learning is self-supervision, in which the ground truth y is simply taken as the input

x. A classical model architecture that is used in this context, is the Auto-Encoder. An Auto-Encoder consists

of two parts: an encoder E, which takes the input x and incrementally transforms and downsamples it into a

latent vector z (z = E(x)), and a decoder D which performs the reverse operations (y = D(z)). The learning

objective is then to minimise the difference between the output of the decoder and the original input:

(θ∗1 , θ
∗
2) = arg min

θ1,θ2

E
[
||x−Dθ2 (Eθ1 (x)) ||22

]
(3)

An Auto-Encoder is hence optimised to (approximately) perform the identity operation. While such an

operation may not seem very useful, Auto-Encoders (sensu lato) play an important role in data denoising

[Saad and Chen, 2020, van den Ende et al., 2021] and image segmentation [Ronneberger et al., 2015, Mattéo

et al., 2021]. In this study we employ an Auto-Encoding approach in the strict sense, meaning that the

model output is directly compared with its input, as opposed to e.g. segmentation models. Note that in

our approach, the final operation includes convolution of the output of the decoder with the known impulse

response of the cars. Convergence of the learning phase is accelerated by the U-Net skip connections (see Fig. 4

in the main text), which is the hallmark of the original U-Net proposed by Ronneberger et al. [2015].
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Text S2 Evaluating the speed estimation accuracy

While the vehicle detection performance of the proposed method depends on the distribution of beampower

as a function of time as well as the (highly simplistic) peak detection algorithm, the accuracy of the speed

estimation depends only on the accuracy of the MUSIC beamformer. Since an independent estimation of the

vehicles’ speed, for instance using roadside cameras or radar, is not available, we evaluate the beamforming

accuracy using synthetic DAS data. A synthetic sample was generated as follows:

1. A data sample was instantiated as a matrix of zeros of shape (Nch, Nt), with Nch = 24 DAS channels

and Nt = 1024 time samples (sampled at 50 Hz) consistent with a single data window for the present

study.

2. A vehicle’s speed was drawn from a random distribution uniform over [50, 110) km hr−1. For each

DAS channel, a unit impulse was placed at the appropriate location within the matrix, with a timing

consistent with a car travelling the randomly drawn velocity.

3. The matrix of impulses was convolved with a car’s impulse strain response.

4. Gaussian random noise was added to the data sample with a peak signal-to-noise ratio of 5 (consistent

with the recorded DAS data).

5. The sample was bandpass filtered between 0.1 and 2 Hz.

This procedure was repeated to generate N = 500 such samples.

For each synthetic sample, the same beamforming procedure was adopted as described in the main manuscript,

including the same parameter values. After beamforming, the peak in beampower was estimated and the

corresponding velocity estimate v̂ was compared with the true velocity v that was used to generate the sample.

The accuracy of the beamforming method was then estimated as the root mean square deviation from the

true velocity:

RMS =

√√√√ 1

N

N∑
i=1

(v̂i − vi)2 (4)

This analysis yields an RMS accuracy of 2.66 km hr−1, which is better than many conventional traffic

monitoring methods. Detailed distributions of the speed estimation errors are given in Supplementary

Figure S3.
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Fig. S1: Evolution of the training and validation loss during the training of the Deep Learning model, over
the total period of 1000 epochs.
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Fig. S2: Overview of the analysis workflow
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Text S2.
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Feature Value
Max. range 50 km
Gauge length (tunable) > 1 m
Acquisition frequency < 400 kHz
Noise floor (units of strain) 3× 10−12

Tab. S1: Performance characteristics of the Febus A1-R DAS interrogator.

7



References

E. R. Martin, F. Huot, Y. Ma, R. Cieplicki, S. Cole, M. Karrenbach, and B. L. Biondi. A Seismic Shift in

Scalable Acquisition Demands New Processing: Fiber-Optic Seismic Signal Retrieval in Urban Areas with

Unsupervised Learning for Coherent Noise Removal. IEEE Signal Processing Magazine, 35(2):31–40, Mar.

2018. ISSN 1558-0792. doi: 10.1109/MSP.2017.2783381.
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