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Abstract—Detection of objects in underwater environment is
an important operation that can be aimed to assess the pollution
in the region under study as well as to prevent intrusion of
undesired objects in off shore power production facilities or in the
restricted entrance area. The use of acoustic methods has been
proven to be very powerful for the detection and localization
of the underwater objects. This paper proposes a new method
for the detection of an underwater object using bi-static acoustic
paths. The method uses the dynamic evolution the phase space of
the received signals, namely the phase space trajectory, without
any synchronization and it computes the point wise Euclidean
norm. The detection map obtained gives both the amplitude and
time of arrival information. The major advantage brought by this
approach (rather than conventional techniques) is that the signals
need no synchronization, their characterization being based only
on their wave form.

Keywords—phase space; recurrence matrix; detection curve;
time of arrival

I. INTRODUCTION

Underwater object detection is an important task for the
marine community and it represents a heavy duty for the signal
processing field. Its purpose can relate to the monitoring of the
underwater fauna as least intrusive as possible, as well as to
supervise the pollution in the studied area.

While the detection part has been studied using vari-
ous methods like correlation techniques [1], time-frequency
methods [2], sonar imaging [3], etc., our approach is based
on high speed sensing in order to determine the time of
arrival (TOA) of the object relative to a reference response.
This implies that there is no synchronization between the
emission and reception. Moreover, our approach also proposes
to characterize the trajectory of the object.

Therefore, the application is based on a wide-band active
acoustic system, these types of signals being more robust
to on-site drawbacks like: ambient noise, electronic noise,
interference sources, etc. [2]. Then, the TOAs are determined
using the Recurrence Plot Analysis (RPA) method. The method
is applied for each response of a fixed length and the result
is stored in a detection map which contains the time bins
of the responses and the time distributed recurrences (TDR)
computed for each time bin. Next, the TOAs of each response
are determined relative to the first one and a comparison with
the classical signal envelope approach is done.

The paper is organized as follows: in section II, the RPA
method will be presented; section III will describe the exper-

imental setup and in section IV, the results are highlighted.
Then, in section V, the most important ideas and future work
aspects are presented.

II. RECURRENCE PLOT ANALYSIS METHOD

The Recurrence Plot Analysis (RPA) is derived from the
dynamical systems theory and it considers the evolution of a
measurement in its phase space [4], [5]. Therefore, we firstly
consider a received signal as the time series [6], [7] expressed
in (2):

x = {x[1], x[2], ..., x[N ]} (1)

where N is the length of the received signal.

Then, the time series is represented in a m dimensional
phase space. The vectors that describe the trajectory of the
dynamical system have as coordinates m values of the time
series which equally spaced:

~vi =
m
∑

k=1

x[i+ (k − 1)d] · ~ek, i = 1,M (2)

where ~vi are the vectors from the phase space corresponding
to a state of the system, m is the embedding dimension, d is
the the delay (lag) between the samples of the received signal,
M = N − (m− 1)d and ~ek are the axis unit vectors.

Afterwards, the next step of the RPA method is to compute
the distance/ recurrence matrix. The distance matrix determines
the pointwise distance between the points of the phase space.
These points are given by the position vectors expressed in
(2):

Di,j = ∆(vi, vj) (3)

Ri,j = Θ(ε−∆(vi, vj)) (4)

where ∆(vi, vj) from (3) is a distance considered between
the points from the phase space (the Euclidean distance, the
L1 norm, the angular distance [7], etc.). The operator Θ(·)
from (4) is the Heaviside step function and ε(·) is the chosen
threshold that discriminates if one distance is a states of
recurrence or not (usually is value is constant).

The most important parameters of the RPA method are the
delay, d and the embedding dimension, m. The choice of the
delay [8] is critical for the ”quality” of the trajectory in the
phase space. If the delay is chosen too small, then the trajectory
is over folded around the main diagonal of the phase space,
hereby the representation is redundant. But, if the delay is
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too large, the phase space evolution of a measured time series
could appear very complicated in the presence of noise, thus
the representation is irrelevant. Therefore, the proper value of
this parameter is chosen based on the independence of the time
series samples. Therefore, among the proposed methods, the
most used method for the proper estimation of the delay is
the mutual information method [7]. A well suited value of the
delay is the value for which the mutual information is small
enough, but not zero:

IAB = log
2

(

PAB(ai, bj)

PA(a1) · PB(bj)

)

(5)

where PA(a) is the probability of having the a value by
measuring the A system and PAB(a, b) is the probability of
having simultaneously the a value by measuring the A system
and the b value from the B system. In theory [6], [8], the
optimal choice of the delay is given by the value corresponding
to the first local minimum of the mutual information.

The second most important parameter of the method is the
embedding dimension, m. Its choice is based on the following
idea: let m0 be the actual dimension of the phase space;
if the trajectory is represented in an m1 dimension (where
m1 < m0), then this representation is just a projection of the
actual trajectory and some point would appear close to others,
whereas in the m0 dimension they would not be neighbours.
If the choice of the embedding dimension is larger than m0,
for a long time series, higher computational resources would
be required. Using the idea previously presented, usually the
choice of the dimension is achieved with the False Nearest
Neighbor method [6], [9].

The link between the distance matrix and the recurrence
matrix is represented by the threshold, ε. This parameter
can be interpreted in two ways: in the phase space is a
certain neighbourhood of radius ε (if ε is constant in 2D,
then the neighborhood is a rhombus for the L1 norm and a
circle for the Euclidean distance); on the distance matrix, the
threshold represents a horizontal section of a landform, where
the landform are the distances from the matrix; hereby, on
the recurrence matrix is obtained, the values of the distances
matrix under the ε value are considered as recurrent and have
the value 1 (generally plotted in black), and the values above
the threshold are considered distant and are equal to 0 (usually
represented in white).

For the detection of the object’s response, the detection
map is obtained from the recurrence matrix. Each line from
the detection map represents the time distributed recurrences
(TDR) of a fixed time bin of the object’s response. The
TDR measure highlights the exitance of a sudden change
that is totally different from all others in the phase space,
as well as on the recurrence matrix [7], [8]. In [7], it was
proven that even with a weak signal to noise ratio, the sudden
change of the system’s state is pointed out through a white
horizontal/ vertical line on the recurrence matrix. Considering
this characteristic, we defined in [7] the time distributed
recurrence measure which can be interpreted as a time average
distance:

TDR(l) =
M
∑

i=1

Ri,l, l = 1,M (6)
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(a) The experimental facility

Tx2 Tx1

Oil balloon

(b) The on-site set-up

Fig. 1: The experimental configuration: the dash-dot line shows
the trajectory of the object

In order to point out the sudden change from the time
series, we usually use the complementary version of the TDR
measure (6):

TDR∗(l) = 1−
TDR(l)

max(TDR(l))
(7)

Considering that the passage of the object in front of the
sensors, involves a change in the received time series, we aim
to highlight this effect on the detection map based on the
TDR∗ measure (8). Hereby, we define the detection map:

DM(l, τ) = [TDR∗(l)]
τ=1,N

s

(8)

where N is the length of the recorded signal and s is the size of
the fixed time bin for which the TDR∗ measure is computed.

The detection map contains both the amplitude (in the
TDR∗ measure) and time of arrival information (given by
the time bin, τ ). Therefore, this approach presents the time
information, although the signals have no synchronization and
their characterization is based only on the received signals at
the two sensors.

III. EXPERIMENTAL SETUP

The experiment was performed on a reduced scale facility
where the underwater object travelled for 3s on a distance
of 1.5m . The underwater object was an oil balloon entirely
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Fig. 2: The recorded signal arrived at Rx2 sensor
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Fig. 3: The detection map obtained for the Rx2 signal

immersed, intersecting the acoustic paths upon moving. The
experimental configuration is presented in figure 1.

All four acoustic transducers are identical and have a wide
band reception centred on 1MHz with a bandwidth that starts
from 800kHz and ends around 1200kHz. The output signal
varies from −10V to 10V . The emission transducers (Tx1 and
Tx2) are placed on one side of the water tank and continuously
generate linear chirp burst in their bandwidth at an angle of
45◦. On the opposite side of the water tank, the receiving
sensors are placed at a minimum distance such that cross-
talk between the acoustic paths is avoided in the clear water
(when no object is in the water tank). The data acquisition is
performed for a duration of approximately 3.35s in order to
record the entire process.

IV. RESULTS

Taking into account that each received signal has over
33million samples, we have processed only the part of the
signal corresponding to passage of the balloon in front of the
sensors. This observation reduces its computational time at a
third of its actual time.

For the detection part, we present only the signal recorded
at Rx2 (fig. 1a) sensor which directly receives its bursts from
Tx2. On this signal, fig. 2, the detection map based on the
TDR∗ measure is applied, fig. 3.

It can be observed that the burst (the response of the object)
is represented by the two brown horizontal lines which vary in
amplitude (the average distance on the phase space changes),
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Fig. 4: The TOAs (red) of each response of Rx2 signal and
its signal envelope (black)

but also in time (the TOAs of the bursts in each time bin is
not constant). Moreover, as the lines of the detection map (8)
represent the value of the TDR∗ measure in each time bin, its
columns contain the information regarding the TOAs of each
burst in its corresponding time bin.

Therefore, in order to obtain the TOA information from
the detection map (fig. 3), we impose an appropriate threshold
that discriminates between the the part of the signal that has
no burst and the one that has it. In this case, the threshold is
given by the cyan region from the detection map. Hereby, the
first point on each column of the detection map corresponding
to the cyan region gives the TOA of the responses in in each
time bin. The results are presented in fig. 4.

Although, the signal’s envelope does not offer reliable
information regarding the object (the amplitude variation can
be caused by external vibrations, move of transducers, etc.),
the TOA information is very robust, because it highlights the
delay induced by the object. From fig. 4 it can be seen that,
even for a slight attenuation in signal’s amplitude, the detection
map approach is able to highlight a delay in the TOA of the
burst for two time bin intervals.

This delay is explained by the fact that the speed of sound
in the sunflower oil is smaller (around 1425m/s) than the
water speed of sound (around 1480m/s) and its maximum
corresponds to the delay induced by the oil ball diameter
(15cm) and the rubber wall (0.5mm) of the balloon that folds
the oil ball.

Moreover, on the TOA based object detection representa-
tion, the first interval corresponds to the object passing in front
of the transducer Tx2 and the second corresponds to the cross-
talk induced by the dispersion of signals coming from Tx1.
In this way, we suppose that the travel direction of the object
is from Tx2 to Tx1. In order, to confirm our assumption, we
also study the signals recorded by Rx1 (fig. 5).

In this case, the signal is more disturbed in terms of ampli-
tude. Figures 6 and 7 present the detection map corresponding
to the Rx1 signal and the TOAs of the responses from each
time bin. It seems that even that the amplitude of the signal is
more disturbed, its TOAs present almost the same values for
the positives peaks.

The TOA representations from fig. 4 and 7 point out ap-
proximately the same maximum delays induced by the object.
This observation leads to the conclusion that one and the same
object has passed in front of the sensors. Furthermore, the other
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Fig. 5: The recorded signal arrived at Rx1 sensor
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Fig. 6: The detection map obtained for the Rx1 signal
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Fig. 7: The TOAs (red) of each response of Rx1 signal and
its signal envelope (black)

variations of the TOAs are caused by the crosstalk that the
signals’ dispersion in the balloon induces to the sensors. We
recall that, in the configuration with no object in the water,
the sensors were placed at a minimum so that they record
only the response coming from their corresponding transceiver
(Tx2−Rx2 and Tx1−Rx1, respectively). But, in the presence
of the object, its movement induces a cross-talk between the
sensors.

In fig. 4, two peaks can be observed: a maximum which
automatically corresponds to de delay induced by the object
that interferes with the direct path between the pair Tx2−Rx2,
and the second peak corresponds to the cross-talk induced by
Tx1 as the object travels towards its path. Also, in fig. 7,
three peaks are present: the maximum which corresponds to
the passing of the object through the direct path between Tx1−

Rx1, a second peak present before the maximum which is
caused by the reflections coming from Tx2 and a third peak
caused by the reflections of Tx1. These observations lead to
the conclusion that the object moves from left to right in the
given configuration.

V. CONCLUSION

This paper proposes a new method for the detection of
an underwater object using bi-static acoustic paths. The main
advantage of the RPA method is that it uses only the signals
arrived at reception (so there is no synchronization). Starting
from the fact that a sudden change in the signal is easily
highlighted by the TDR∗ measure [7], we define the detection
map based on this measure. This map contains both amplitude
and time information. The latter is obtained in terms of a fixed
time bin which is chosen according to our application.

Applying our method on the signal arrived at one of the
sensors, we point out the presence of the underwater object
from the TOA information which is very robust, because
it highlights the delay induced by the object, although the
signal’s envelope is not that reliable. Moreover, the informa-
tion given by the second sensor adds up extra information,
confirming that, in the water tank, there is only one object and
that it moves from left to right.

Future work foresees the detection and characterization of
multiple underwater objects based on the high-speed sensing.
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