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Differential Pressure Sensors for Underwater
Speedometry in Variable Velocity and Acceleration
Conditions
Juan Francisco Fuentes-Pérez, Christian Meurer, Jeffrey Andrew Tuhtan and Maarja Kruusmaa
Abstract— Autonomous underwater vehicles require estimation of their velocity relative to the surrounding flow to
perform essential navigation tasks. Available technologies for speed estimation rely on DVLs or ADCPs and are not
suitable for application in small, low cost or energy consumption vehicles. Encouraged by the successful results of our
previous lab-scale investigations using pressure-based speedometry, we developed differential pressure sensor
speedometry as an alternative to conventional technologies. We built a full-scale physical prototype and compared
analog and digital differential pressure sensors and evaluated the performance in variable velocity (0 to 2 m/s) and
acceleration (0 to 2 m2/s) conditions in a marine tow tank. A simple equation based on the conservation of energy
accurately estimated the velocity, with estimated mean absolute errors of 0.0087 m/s for analog and 0.0107 m/s and
digital configurations. This equation is shown to hold under variable velocity and acceleration conditions. We conclude
that differential pressure sensor speedometry is a valid solution to perform underwater speedometry and we confirm
that the system can provide instantaneous and stable velocity estimates with a sampling rate higher than 10 Hz.
Index Terms— Differential pressure sensor, speedometry, underwater vehicles, Bernoulli, Pitot.

I. INTRODUCTION
Obtaining vehicle speed information using onboard sensing is essential to perform navigation in autonomous
underwater vehicles (AUVs) [1]. However, underwater vehicles do not enjoy the benefit of global positioning, and
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must instead rely on local sensing. One of the oldest and most common navigation techniques is dead reckoning [2].
In the most frequent configuration inertial sensor data are used to estimate the vehicle’s location from a known position
using integrated speed or acceleration measurements. Unfortunately sensor drift leads to unbounded errors [1],
requiring the fusion of multiple sensors with different error characteristics [3], [4].
To overcome these problems, the basic navigation suite of most AUVs consists of an inertial navigation system (INS)
aided by a Doppler Velocity Log (DVL) [5]–[7] or an Acoustic Doppler Current Profiler (ADCP) [8] for additional
velocity information. Both technologies make use of hydroacoustic measurements based on the Doppler shift [9]: an
acoustic signal is transmitted and reflected back to the sensor via a solid reference surface as in DVL or by ambient
particles in the water as in ADCP. Afterwards, the relative velocity is computed from the Doppler shift of the reflected
signal.
However, both DVL and ADCP suffer from certain limitations. The devices are expensive, typically have a large form
factor and high energy consumption. Therefore they are not suitable for small vehicles [10] or for prolonged missions
with low energy consumption requirements [11]. Moreover, these technologies are too expensive for low-cost vehicles,
which are useful in high risk applications, swarm operations, or in confined environments like rivers and lakes [10],
[12], [13]. Additionally, low cost vehicles represent a developing market in consumer robotics [14].
Engineering fields such as aeronautics have successfully solved the problem of speed estimation by using pressure
based sensors [15], [16]. For instance, pressure sensors are commonly used to measure the relative speed, angle of
attack, yaw rate or altitude of aircrafts [17]–[20]. Moreover, they are standard applications in fluid related fields, e.g.
to control industrial processes, for physical modeling, or for wind and flow tunnels. In view of their widespread and
successful use in many fields, exploring the potential of pressure sensors for underwater robotics is a logical step.
The most closely related pressure-based systems for underwater applications use artificial lateral lines which have been
proposed for flow and speed measurements in underwater applications [21]–[24]. They are inspired by the passive
sensing modalities present in fish, which are used to detect mechanical changes in the surrounding water [25], and they
have shown the potential to overcome several limitations of hydroacoustic methods: (1) they can be considered as a
low-cost solution, (2) they have a lower energy consumption, and (3) they can measure flows around the vehicles [26].
Likewise, they can be useful to perform complementary tasks such as for force estimation and wall detection [27].
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In [26] we demonstrated the potential of differential pressure sensor based speedometry for underwater velocity
estimation. We overcame some of the limitations of artificial lateral lines by substituting common absolute pressure
sensors by differential pressure sensors, which (1) increased the measuring range as well as the sensitivity and (2)
introduced a mechanical filtering for the static pressure components. Further, we demonstrated that combining the
output from two differential pressures sensors allowed speed estimations even under yaw angle deviations. Our
previous study was made using a static, small-scale laboratory platform. The obtained conclusions were thus limited
and did not completely confirm the viability of the system for AUVs.
In this paper we overcome the mentioned limitations to validate differential pressure sensor speedometry as a viable
full-scale technology for AUVs. To achieve this (1) a full-scale physical model based on differential pressure sensors
is developed, (2) two different types of sensors, digital and analog, are tested to obtain a more robust and faster platform,
(3) a marine tow tank with a velocity range of 0 to 2 m/s is used, and (4) the velocity time series under variable
acceleration (0-2 m/s2) are analyzed. With this we conclude that differential pressure sensor speedometry is a valid
solution to perform underwater speedometry and we confirm that the system can provide instantaneous and stable
velocity estimates with a sampling rate higher than 10 Hz.

II. MATERIALS AND METHODS
A. Derivation of the velocity-pressure relation
Invoking the conservation of energy within a fixed fluid volume, the fundamental relation (Eq. 1) between the pressure
(p) and velocity (v) for an inviscid, incompressible flow is described by Bernoulli’s law as:

p

1 2
 v  const
2

(1)

where p is pressure (Pa), ρ is the density (kg/m3), and v is the velocity (m/s). The equation states that between two
points along the same streamline, the relation between v and p is a constant.
A common application of Bernoulli’s law is the estimation of flow velocity using the effect of a rigid body in the flow
[15]. The presence of such a body distorts the flow passing over it, and the undisturbed freestream velocity can be
estimated utilizing the pressure difference across two or more points on surfaces encompassing a wide variety of
geometries [28]. Our probe relies on the known empirical relation across two points on a spherical or circular body
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(Fig. 1). At these points, the device is equipped with flush holes (pressure taps), which are normal to the surface. At
the upstream most point, stagnation point A, the velocity is equal to zero (vA = 0 m/s). At the second location, static
point B, the pressure is equal to the static pressure of the undisturbed freestream flow (pressure coefficient, Cp, is equal
to 0). The general equation for flow speed estimation is then derived based on the two measurement locations A and
B:

1
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Fig. 1. Pressure coefficient (Cp = (p-pmax)/0.5·ρ·vmax2 = 1-(v/vmax)2) distribution over a circular cylinder under laminar and turbulent
flows according to the angle (ϴ) from stagnation point (modified from [16]). (1 Column).

Eq. 3 is well-known as a basic principle in fluid mechanics, and widely applied for velocity estimation in air [15], [17]
and water [21], [22]. The simplicity of the underlying physics has allowed others to successfully use alternative pressure
tap placements [21].
In our previous work with a static, small-scale laboratory prototype, we were able to demonstrate that the equations for
the left and right differential inputs could be combined into a single formulation [26]:

v  4   p12  p22 

(4)

where β = 2α/ρ2 and, Δp1 and Δp2, are the pressure drops at each side of the circular shape from the stagnation point to
another point downstream and α is a coefficient that depends on the position of the points downstream (α ≥ 1 if -35˚ ≤
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ϴ ≤ 35˚). Note that when the circular shape is facing the flow (Δp1 = Δp2) Eq. 4 is equal to Eq. 3 if α = 1. This equation
was found to provide satisfactory performance even under yaw deviations of up to 45° [26]. It is valid for static or
forward-moving bodies to provide estimates of one-dimensional speedometry, which can be expanded into two and
three dimensions using multi-hole probes [15], [19].
The decision to work with circular and spherical geometries was not only based on their simplicity. Additionally,
radially symmetric shapes benefit from a near-analytical pressure distribution up to ±35˚, which is nearly independent
of the Reynolds number (Re) [29]. As shown in Fig. 1, the distribution of pressure and the flow over a circular cylinder
are dependent on the orientation angle and present flow conditions, which are described by their respective Re.
Neglecting the effects of vorticity or large-scale gradients in the static pressure field (e.g. the sensor body is impacted
by waves), the fundamental physics underlying our design should allow it to perform under a large variety of real world
conditions.
B. Experimental platform
The prototype was designed to be used in torpedo-shaped AUVs with interchangeable heads (e.g. [30]). However, as
can be seen from Fig. 2c, due to the small size of the pressure sensors, the design and dimensions can be easily adapted
to cover an expanded range of vehicle sizes and sensor head geometries.
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Fig. 2. Physical platform used in the experiments. a) CAD design of the prototype. b) Side view of the real prototype. c) Comparison

of the current platform against the static lab platform used for the preliminary results. [26]. d) Sensor box with pressure holes in
red. (2 Column)
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Drawing from our previous laboratory work based on a small-scale half cylinder (Fig. 2c) [26] the experimental
platform for these trials is a full-size hemisphere (Fig. 2). It is worth noting that differential pressure speedometry with
a hemispherical sensing head has also been applied successfully in aeronautics [17]–[19], [31]. The design consists of
a frame of aluminum bars (5 in Fig. 2a) and polyoxymethylene (POM) rings (4 in Fig. 2a) where two 3D printed covers
(printed using fused deposition modeling out of polylactic acid (PLA) with epoxy reinforcement) (2 and 3 in Fig. 2a)
and a sensor box (1 in Fig. 2a) are attached. The sensor box is the most essential part of the system, as it houses all the
electronics and provides the connection of the sensors with the environment. The box was 3D printed using
stereolithography.
Digital and analog sensors were tested and their comparison can be found in Table 1. The digital sensors used the setup
from our previous small-scale lab experiments [26]. In both cases, each pressure sensor measures one of the side
pressure drop across the sensor box, from the stagnation point (ϴ = 0˚) to the static point (ϴ = 35˚) (Fig. 2d).
Table 1. Different electronics tested in the physical platform. (1 Column)
Component

Analog

Microcontroller board
Pressure sensors

Digital
Arduino Micro

MPXV7002

Number of pressure sensors

SSCDRRN005ND2A5
2

Range

± 2000 Pa

± 1244 Pa

Maximum pressure (pA > pB)

75000 Pa

4903.325 Pa

ADT7301 (13 bits)

On-board

-

TCA9548A

16 bits - LTC1867

14 bits – on-board

0.0695 Pa

0.03 Pa

200 Hz

100 Hz

> 400 Hz

200 Hz

Temperature sensor
Multiplexer
Analog to digital converter
Resolution
Tested sampling frequency
Maximum sampling frequency

Analog sensor conversion into standard pressure units requires a two-step calibration process (Fig. 3): (1) subtraction
of the constant temperature offset and (2) the transformation to real units. After calibration, a performance similar to
the self-calibrating digital sensors was achieved.
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Fig. 3. Calibration of the analog sensor. a) and b) Subtraction of the offset due to temperature. c) Fit to transform digital values to
pressure in SI units. (2 Columns)

C. Experimental setup
Experiments were performed in a 59.4 m long and 5 m wide marine tow tank at the Small Craft Competence Centre in
Kuressaare (Saaremaa, Estonia) (Fig. 4). The prototype was attached to a tow tank carriage at a water depth of 0.5 m
facing the motion direction parallel to the tank walls (Fig. 4a). The carriage belt drive is capable of covering a velocity
range from 0.01 m/s to 5.5 m/s and an acceleration (a) range from 0.01 m/s2 to 3 m/s2, in steps of 0.01 m/s and 0.01
m/s2, respectively. At the lowest velocity ranges (< 0.05 m/s), it was found that the carriage could not provide
completely smooth motion and exhibited stepping, presumably caused by the belt drive. This was detected by the
speedometry system, and its potential influence is discussed in Section III.B.
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All velocity and acceleration tests were repeated using both analog and digital sensors (Table 2). Before each of the
two replicates, a measurement in still water with a sampling time of 60 s was done. During velocity tests, the carriage
was driven with a constant velocity, and data were gathered for 60 s in low velocities (≤ 0.5 m/s). Due to the fixed
length of the tank, the sample duration was shorter for higher velocities. A similar procedure was used for acceleration,
where the maximum constant acceleration time was recorded taking into account the observed pressure sensor velocity
limitations (2.4 m/s for analog and 2.0 m/s for digital).
Table 2. Conducted experiments. In each test the target variable was held constant. (1 Column)
Variables

Replicates

Configurations

v (m/s)

2

2

a (m/s2)

2

2

Tow tank carriage settings
[0.01, 0.05] every 0.01 m/s
[0.10, 0.50] every 0.10 m/s
[0.75, 1.00] every 0.25 m/s
[0.01, 0.05] every 0.01 m/s2
[0.075]
[0.10, 0.50] every 0.10 m/s2
[0.75, 1.00] every 0.25 m/s2

Total number of experiments
64

68
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D. Data processing and validation
The still water measurements were used as a reference point in each of the conducted replicates. All the proposed fits
were evaluated using the coefficient of determination, R2, as well as graphically. In addition, the observed data were
compared to the predicted data and the mean absolute error was used as the measure of achieved accuracy.
In the time series analysis, the relation between the estimated velocity and the carriage velocity data was evaluated
graphically, as well as using the cross correlation (Cc) between signals. Likewise, the time series were estimated from
Eq. 4. However, this formulation does not allow the use of negative values (note that Δp in Eq. 4 is squared) leading to
a poor performance in low velocities. For low velocities, negative values of Δp occurred, either due to the influence of
other pressure sources in the water or, in the case of these experiments, because of the stepping of the carriage. To
solve this, a short correction algorithm was implemented (Eq. 5).


0

v   4   p1 p1  p2 p2 

 4   p1 p1  p2 p2 


if p1 , p2  0
if p1  p2  0

(5)

if p1  p2  0

The performance of this correction algorithm will be discussed in Section III.C.

III. RESULT AND DISCUSSIONS
A. General equation
Fig. 5 summarizes the pressure distribution and the expected results for long-term velocity estimations using the
designed prototype with both sensor types. In Fig. 5a-b the pressure distribution of each sensor for each velocity test
replicate can be observed. When comparing the analog and digital results, a slight deviation between the sensors is
present, which is produced by a small misalignment of the prototype with the motion vector of the carriage. The
deviation is more distinct for analog sensors, because the misalignment of the prototype was corrected prior to the
experiments with digital sensors. Despite this small deviation, the results provide a good example to demonstrate the
potential of Eq. 4, which can correct these deviations with a small error margin (R2 = 1.00 for analog and R2 = 0.99 for
digital) (Fig. 5c-d). After fitting the estimated mean absolute errors were 0.0087 m/s for analog and 0.0107 m/s for

11
digital sensors. The obtained mean errors of both analog and digital sensor configurations were lower than those
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Fig. 5. Pressure distribution and fits for the two studied sensor types. a) Pressure distribution in analog sensors. b) Pressure
distribution in digital sensors. c) Estimated against observed results for analog sensors. d) Estimated against observed results for
digital sensors. (2 Columns)

Fig. 5 further shows the importance of sensitivity when measuring low velocities. Based on the fitted equations for a
velocity of 0.01 m/s the pressure difference is 0.037 Pa for analog and 0.027 Pa for digital configurations. These
quantities are outside the sensitivity range of the pressure sensors and could be easily corrupted by other pressure
sources, especially turbulence. To estimate lower velocities, a large number of data samples are required.
In the same way, when the prototype was placed in the water a still water measurement was recorded as reference.
Although this is not always necessary, placing the robot into the water may generate a small constant offset due to the
different quantity of water in the pressure tap internal tubing. Precise knowledge of this difference could be used to
improve the estimation of low range velocities.
B. Effective sampling frequency and sensor comparison
Fig. 6 shows the expected behavior of the mean velocity error with respect to the sampling time. For both electronic
configurations errors are higher for low velocities (darker lines, Fig. 6) and a stable value is achieved later. It is worth
mentioning that the observed stepping in the carriage could also have contributed to increase this error.
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Fig. 6. Average error evolution over time. a) Evolution of analog sensor mean value in 1 second (200 Hz) for different velocities.
b) Evolution of digital sensor mean value in 1 second (100 Hz) for different velocities. (2 Columns)

As argued in the previous section, due to the quadratic relation between v and p, the sensitivity requirements to estimate
different velocities are also different. This leads to the need of an increased sample size to estimate low velocities. A
similar behavior is expected for the error, it will be higher for low velocities due to the sensitivity requirements and a
higher influence of external pressure noise sources.
Considering the evolution of the mean absolute velocity error, an error lower than 0.01 m/s is achieved using 15 analog
and 29 digital samples. Taking into account this and the sampling rate of analog sensors, 200 Hz, an effective sampling
rate of 13 Hz in obtained. In the case of digital sensors due to the lower measurement rate, 100 Hz, an effective sampling
rate of 3 Hz is achieved. In view of this we presume that by exploiting the highest possible measurement rate in the
sensors we could increase the effective sampling rate. For instance, in the laboratory experiments conducted in [26]
using 200 Hz with the digital platform an effective sampling rate higher than 10 Hz was calculated. In both cases the
sampling rate is higher or in the range of 1 to 5 Hz, which is the conventional rate of DVLs [32], [33].
The motivation behind the analog configuration was to check the possibility of obtaining similar results with a more
robust, rapid platform. As shown, both sensor configurations are able to correctly estimate the velocity, however, both
have their advantages and disadvantages. Digital sensors have a higher resolution (0.03 Pa < 0.0695 Pa) due to the
lower measuring range (± 1244 Pa < ± 2000 Pa) and an unknown internal process of average filtering. Additionally,
the internal ADC and temperature sensors reduce the number of necessary components in the hardware. On the other
side, due to the I2C connection, and because in we use sensors with the same address, it is necessary to implement a
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multiplexer, which slows down the possible sampling frequency (200 Hz < 400 Hz). Also, the measuring range of
the digital sensors can be limiting for some applications and they are more expensive (due to their resolution, on-board
compensation and stability). The connectors in the digital sensors require a more complex design and are more difficult
to install. In addition, it is not possible to control the calibration process, which generates a black box effect and makes
it impossible to apply customized workflows.
C. Time series and acceleration analysis
In Fig. 7 the results of the acceleration tests are shown for three of the experiments (low = 0.02 m2/s, medium = 0.20
m2/s, and high = 2.00 m2/s) with both sensor types. In this figure, considering the results of the previous sections, the
velocities have been calculated after average filtering the signals and downsampling them to 10 Hz.
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As can be seen in Fig. 7 the quadratic relation between the v and Δp holds for all accelerations, which allows to apply
Eq. 4 instantly. In Fig. 7a-d, decelerations are shown as an example, demonstrating similar behavior and, thus, the
possibility of using Eq. 4.
The good performance of the correction algorithm (Eq. 5) becomes apparent when raw and corrected signals from the
beginning of each series are compared (cf. details in Fig. 7a-e). Using Eq. 4, would produce an overestimation in the
low range velocities, which could only be compensated if the average value of the long-time data series of Δp was
considered for v calculation. This overestimation may have been caused by the observed stepping error of the carriage,
nevertheless, it can happen with other natural pressure sources, too. In view of the results, using Eq. 5 seems to provide
a solution to achieve a better result and a higher sampling frequency during low velocities. Likewise, the algorithm can
be applied online due to its simplicity.
After applying the correction algorithm, the Cc between measured velocity signal and estimated velocity is in all cases
higher than 0.999. Furthermore, the estimated velocity signals are able to reproduce the small velocity oscillation
produced by the control system of the tow tank (Fig. 7d-b), this accuracy could be essential to correct deviations during
AUV navigation.
Contrary to absolute pressure sensors, differential sensors mechanically filter the static water pressure contribution.
This provides increased sensitivity and allows for direct mechanical filtering of disturbances such as waves. The
positive effect of this performance was observed during the conducted experiments. The carriage generated surface
waves, which were undetected in the pressure sensor time series data. This can be a potential issue that should be
further considered in systems where the distance between pressure taps is larger, for passage through standing waves,
or for wavelengths smaller than the offset between taps.

IV. SUMMARY AND CONCLUSION
In this paper, underwater differential pressure sensor speedometry is introduced and studied. Building on our previous
results, a full-scale prototype using analog and digital sensors was tested in a marine tow tank. The speed calculation
is based on a simple formulation built upon the conservation of energy. It shows the ability to calculate the speed in
moving platforms as well as correct angular deviations, which may be useful to correct sensor misalignment.
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The comparison of analog and digital sensors revealed similar results. Considering the tested prototype, the analog
sensors offer the more promising alternative as they provide a higher sampling rate, have a lower price and the
possibility of implementing customized calibration processes.
Analysis showed that differential pressure speedometry correctly estimated the velocity, and was able to detect the
rapid fluctuations caused by the belt drive. A basic derivation using the conservation of energy was developed and
applied to accurately estimate the velocity. The mean absolute errors were 0.0087 m/s for analog and 0.0107 m/s and
digital sensors.
The effective sampling frequency in the velocity range of 0 – 2 m/s was found to be higher than other available
technologies, which makes differential pressure sensor speedometry a valuable complement to existing solutions.
Likewise, it seems to be a viable alternative for those AUVs outside the application range of DVLs or ADCPs, such as
small, low-cost or low energy requirement vehicles.

V. FUTURE WORK
Future work will concentrate on the implementation of the prototype into a real AUV and subsequent prototype testing
in laboratory and field conditions. Direct comparison with existing key technologies for speedometry such as DVL
could provide more information about the performance of our sensor technology. In addition, we plan to develop
sensor-fusion algorithms using differential pressure sensors, inertial measurements and DVLs to access the
complementary potential of our sensors for navigation and control. The extension of the sensor system into two or three
dimensions is another promising research topic which could provide new methods for underwater speedometry and
navigation.
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NOTATION
The following symbols are used in this paper:
a

=

Acceleration (m/s2)

Cc

=

Correlation coefficient (dimensionless)

Cp

=

Pressure coefficient (dimensionless)

p

=

Pressure (Pa or indicated)

R2

=

Determination coefficient

Re

=

Reynolds number (dimensionless)

T

=

Temperature (˚C)

v

=

Velocity (m/s)

α

=

Coefficient in a (dimensionless)

Δp

=

Pressure drop (Pa)

β

=

Coefficient in Eq. 4

ϴ

=

Angle (˚)

ρ

=

Density (kg/m3)
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