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Abstract—The time-average velocity of water flow is
the most commonly measured metric for both laboratory
and field applications. Its employment in scientific and
engineering studies often leads to an oversimplification of
the underlying flow physics. In reality, complex flows are
ubiquitous, and commonly arise from fluid-body interac-
tions with man-made structures such as bridges as well as
from natural flows along rocky river beds. Studying flows
outside of laboratory conditions requires more detailed
information in addition to time-averaged flow properties.
The choice of insitu measuring device capable of delivering
turbulence metrics is determined based on site accessibility,
the required measuring period and overall flow complexity.
Current devices are suitable for measuring turbulence
under controlled laboratory conditions, and thus there
remains a technology gap for turbulence measurement in
the field. In this paper we show how a bio-inspired fish-
shaped probe outfitted with an artificial lateral line can be
utilized to measure turbulence metrics under challenging
conditions. The device and proposed signal processing
methods are experimentally validated in a scale vertical
slot fishway, which represents an extreme turbulent en-
vironment such as those commonly encountered in the
field. Optimal performance is achieved after 10 seconds of
sampling using a standard deviation feature.

Index Terms—bio-inspired flow sensing, artificial lateral
line, turbulence, turbulence intensity, regression analysis
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TURBULENCE is the chaotic motion of fluid
caused by the interaction of tangled vortices.

Currently it is only possible to study turbulence in
its entirety for simple flow geometries such as the
flow over a step using computational fluid dynamics
or particle image velocimetry (PIV). Consequently,
for many applications of practical importance such
as the flow of a river around a bridge pier, simplified
metrics describing the bulk turbulence in terms of
the fluctuations from a steady time-averaged flow
have been developed and are commonly used for
scientific and engineering studies of natural flows.
The practical application of turbulence metrics such
as the turbulence intensity require a minimum ac-
curacy of 50% for field applications. Although
standard time-averaged turbulence metrics are well-
known in hydromechanics and aerodynamics com-
munities [1], and have been validated in numerous
laboratory experiments, there remains a technology
gap allowing for the direct measurement of bulk
turbulence in the field.

The relation between the turbulent velocity and
pressure fields requires the application of a pressure
Poisson equation [2]:

O2P = −ρ · (V · OV ) + O · ∂

∂xj
(u′iu

′
j) (1)

where P is the pressure, V is the time-averaged
velocity, xj is the spatial coordinate in the jth
direction, and u′ is the velocity fluctuation from the
time-averaged mean. Note that u′iu′j is the Reynolds
stress tensor, one of the parameters which is directly
estimated by the proposed method.

This equation relates the velocity-pressure cou-
pling in a continuous domain by taking the diver-
gence of the momentum equation (Navier Stokes
equation for fluids) and enforcing continuity. The
term O2 represents the rate at which the pressure
at a given location deviates from the fluid. Thus
the pressure Poisson relation provides the rate of
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Figure 1: The proposed regression framework for
estimating turbulence metrics using a bio-inspired
fish-shaped probe.

pressure deviation and is driven by the sum of two
source terms; the first term on the right is induced
by local gradients in the mean velocity field, and the
second source term describes the contribution of the
fluctuating velocity components via the Reynolds
stresses, including shear and normal components.

The principle difficulty of solving the velocity-
pressure coupling lies in the non-linearity of the
source terms, compounded by the requirement of
using Neumann boundary conditions (which cannot
be measured in the field) to solve for the pressure
field [3]. The pressure Poisson equation has been
solved numerically providing for direct comparison
with pressure measurements using high-resolution
PIV velocity field data, but due to the complex mea-
surement and numerical analyses, has been limited
to physically simple geometric configurations [4].

For measuring turbulence, we adopted a bio-
inspired fish-shaped probe which has been applied
to estimating the hydrodynamic primitives bulk
flow velocity and bulk flow angle in our previous
work [5]. The probe is outfitted with a series of
collocated pressure transducers creating an artificial
”lateral line probe” (LLP) similar to the biological
sensing modality used by fish. The probe simulta-
neously records the pressure field at 11 different
locations at a frequency of 2.5 kHz, and provides
pressure data at up to 250 Hz [6], [7]. This is 2.5
times faster than commercially available acoustic
probes designed for laboratory use, and is equivalent
to the data rates provided by field PIV systems,
which due to their complex setup are only able to
measure a small range of natural flows. As a result,
the fish-shaped sensing array in conjunction with
the proposed data processing workflow represent
the first artificial lateral line system capable of bulk
turbulence measurement.

In this work, we significantly extend the applica-

tion of the lateral line probe by developing frame-
works to estimate bulk turbulence indices which
are representative of the higher order, dynamical
properties of natural water flows. Classically, high
frequency velocity data is used to calculate the
fluctuations of the flow field about its time aver-
aged quantity. All previous devices capable of bulk
turbulence measurement have first calculated the
instantaneous velocity. Our method makes use of
a novel data-driven approach which takes advan-
tage of a pressure based system which instead of
measuring the velocity at a single point, records
the pressure continuously along a fish-shaped body
using multiple high-frequency transducers. We then
recreated an extreme flow environment in the lab-
oratory using a vertical slot fishway, and record
bulk turbulence metric ground truth data using a 3D
Vectrino acoustic Doppler velocimeter (25 Hz over
60 seconds interval). Due to the inherent physical
complexity of direct turbulence measurement, we
have designed a measurement system. In this sense,
it allows us to move from a direct measurement
problem to a regression problem. which equates to
learning a mapping function from a vector-formed
feature input to a scalar-valued output. We aim at
the least, to match the performance of standard
measuring equipment for laboratory studies and then
take the device into the field where current standard
equipment is difficult or impossible to use. Using
a regression based workflow (see Figure 1), it is
shown to be the first artificial lateral line sensor
system capable of measuring bulk turbulence.

The novelty and contributions of this paper are
three-fold:

• This paper is the first work to design a signal
processing based framework using a lateral line
probe for bulk turbulence metric measurement.

• Instead of using velocity data, we report su-
perior results for regressors against pressure
reading deviations that capture high frequency
information of flows.

• Experimental results demonstrate good accu-
racy (11.4%-16.6% proportional mean absolute
error of the full measurement scale) accuracy
for estimating turbulence metrics in challeng-
ing conditions and our regressor is 1.5×-2.0×
better than using the mean value over all mea-
surements.



IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT 3

II. BACKGROUND

A. Existing techniques and limitations for insitu
turbulence measurements

Several flow sensing devices capable of delivering
turbulence metrics have been developed for labora-
tory experiments. The most common technologies
are particle image velocimetry (PIV) [8] and acous-
tic Doppler velocimetry (ADV) [9]. Moreover, hot-
wire anemometry [10] and laser Doppler velocime-
try [11] provide turbulence metrics, but only for
lab-scale setups making comparison of natural flows
very challenging.

PIV data processing utilizes pattern matching
algorithms on images with high particle concen-
tration [12]. Images are divided into small inter-
rogation windows and the movement of particle
images is detected typically using cross-correlation
of filtered pixel intensities. The result is a spatial
(Eulerian) field of velocity vectors on a regular
grid whose extent and resolution are determined by
predefined interrogation windows. PIV can deliver
rapid velocity field estimates, commonly achieving
more than 100 Hz and can be used to determine
turbulence metrics and their spatial distributions.
Field applications of PIV installations are restricted
due to the required equipment and are thus limited
in scope for insitu measurements [13].

Considering time-averaged velocity field mea-
surements, the ADV has become the most common
technology, as commodity devices are straightfor-
ward to set-up and operate. Field and laboratory
studies using ADV can provide individual mea-
surements of all three velocity components well
as the temporal correlation between the directional
components. Several commercial ADV devices are
available for field measurements in rivers, lakes,
and for maritime applications. Considering mea-
surements in rivers, ADV measurements can suffer
from limited temporal resolution (typical is 1 Hz
for devices in the field) and low signal-to-noise-
ratios caused by spike noise, particularly for fast-
moving unsteady flows with turbulence and air
entrainment [14], [15]. Such conditions are typical
in rivers and flows within hydraulic structures.

Compared to PIV and ADV, a bio-inspired fish-
shaped probe adopted in this paper is straightfor-
ward to apply during field measurement. For the
experimental part of this work we selected the
popular turbulence metrics [16] listed in Table I.

x

y

z

Pressure sensors
Flow direction

Figure 2: 3D model of the lateral line probe used
in this paper. Note that due to the view point only
the nose and the right side sensors are visible (red
dots).

Table I: Turbulence indices investigated in this
work.

Output Description

U Time-averaged x velocity component
(m/s)

V Time-averaged y velocity component
(m/s)

W Time-averaged z velocity component
(m/s)

TKE Turbulence kinetic energy (m2/s)
TIA Turbulence intensity (unitless)
TIB Turbulence intensity, non-normalized

(unitless)
TIC Turbulence intensity, time-averaged (unit-

less)
TID Turbullence intensity, non-normalized,

time-averaged (unitless)
REXX Reynolds orthogonal stress tensor x

(m2/s2)
REY Y Reynolds orthogonal stress tensor y

(m2/s2)
REZZ Reynolds orthogonal stress tensor z

(m2/s2)
REXY Reynolds shear stress tensor xy (m2/s2)
REXZ Reynolds shear stress tensor xz (m2/s2)
REY Z Reynolds shear stress tensor yz (m2/s2)

B. Bio-inspired lateral line probe (LLP)

Our sensor probe is inspired by the lateral line
sensing system that has been long recognized as
playing a key role in flow sensing capabilities of
fishes [17], [18]. The lateral line’s unique proper-
ties allow for high-fidelity underwater perception
and navigation, motivating researchers to construct
several artificial organs mimicking the fish lateral
line sensing system [19], [20], [21], [22], [23].
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The most straightforward implementation is to
adopt suitable commercial capacitive, piezoelectic,
piezoresistive or magnetic sensors [24]. Our probe
is instrumented with multiple piezoresistive sensors
located on the sides of a fish-shaped probe body.
The piezoresistive sensors measure the strain on
a silicon diaphragm whose electrical response is
directly proportional to the dynamic pressure ex-
perienced by the sensor body. For more details
of our sensor and the pressure signals it produces
we refer to our previous works focusing on the
hardware and low-level signal properties [5], [19],
[20]. In particular, our sensor consists of 11 piezore-
sistive pressure sensors (see Figure 2). The pressure
sensors have a resolution of 7.6 Pa / LSB (0.8
mmH20 / LSB) over a 207 kPa span. The signals
undergo first and second stage amplification and
are digitized independently with a 16-bit analog to
digital converter. Temperature estimates via current
consumption are made using a shunt resistor. The
output signals are 10× oversampled and transmitted
over a serial connection at a maximum 250 Hz
sample rate.

Owing to growing interest on submersible
robotics and ecological characterization of human-
made environments the lateral line probes have
recently attracted attention. The probes have been
demonstrated in laboratory experiments to differ-
entiate between basic flow and turbulence condi-
tions [25], [26], detection of flow regions and probe
orientation [27], and a transition metric between
steady and unsteady flows [28]. Akanyeti et al.
[29] demonstrated that the pressure signal response
changes according to the physical flow parameters,
and De Vries et al. [30] estimated flow parameters
based on potential flow theory (assuming an ideal,
irrotational flow). In our recent work [5], we demon-
strated practical measurements of high accuracy for
basic flow properties, bulk flow velocity and bulk
flow angle, which this work significantly extends to
the measurement of dynamical flow parameters in
the terms of commonly used turbulence metrics used
in flow physics. This paper is based on primitive hy-
drodynamic features which also have clear physical
meaning and are robust to the types of noise and
signal distortion expected in natural environments.
To the authors’ best knowledge our work is the first
providing turbulence metrics from lateral line sensor
probe signals.

III. DATA

A. Experimental setup

In order to investigate the range of hydraulic
conditions which more closely match those found
in the field, LLP measurements (October 125 Hz,
April 250 Hz for 30 seconds) were carried out in
a 1 : 1.6 scale model of the Vertical Slot Fishway
(VSF) installed in Koblenz, Germany. The model
consists of three basins with a fixed bed at constant
elevation, and adjustable discharge and downstream
water surface elevations. Two flow scenarios were
investigated: Q1 = 0.130 m3/s with a mean water
depth h0 = 0.52 m and Q2 = 0.170 m3/s, h0 = 0.56
m. For both flow scenarios the LLP was mounted
on Cartesian robot at three reference depths: 0.25h0,
0.4h0, and 0.6h0. At each depth, 24 measurement
locations were chosen (Figure 3), providing a planar
estimation of the time-averaged velocity magnitude.
Point velocity measurements at 0.6h0 with an ADV
(Vectrino, Nortek) at 25 Hz for 60 seconds are
used as the ground truth data. We collected a
dataset labelled as “ideal” where all measurement
parameters we kept as constant as possible. In
order to test the reproducibility of the estimates,
another three datasets (labelled “repeatability”) were
collected where the parameters were kept constant,
but representing independent measurements from
approximately same conditions. In addition to these
four datasets we collected another 8 independent
datasets where the probe was disturbed by spatial
and angular misalignment. The robustness datasets
mimick natural variation that is likely to happen
during field studies. The 12 independently acquired
datasets are described in Table II.

B. Lateral line signals

The signal received from the probe is 11-
dimensional (5 sensors on each side of the probe
as shown in Figure 2 and the nose sensor)

x = x11×1 = (x1, x2, . . . , x11)
> (2)

where x is the pressure reading at each time step,
leading to the full temporal vector xt sampled at the
frequency 250 Hz (see Figure 4). In our previous
work [5] we adopted the first and second order
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Figure 3: Experimental setup: left diagram shows top view of the experimental environment, along with
measurement points (shown in red); right plot illustrates fish pass model and the flow sensing probe
mounted on a cartesian (XY) robot.

Table II: Datasets used in the experiments. The
repeatability datasets’ settings correspond to the
same horizontal locations as the ideal case, with
varying depth and orientation to mimic variations
in the probe position expected in field conditions.

Dataset Description
- Ideal dataset -

2015-Apr-D1-R1 Q1, h0 = 0.52 m, hr = 0.4h0

- Repeatability datasets -
2014-Oct-D1-R1 Q1, h0 = 0.52 m, hr = 0.4h0

2014-Oct-D1-R2 Q1, h0 = 0.52 m, hr = 0.6h0

2015-Apr-D5-R1 Q1, h0 = 0.52 m, hr = 0.4h0

- Robustness datasets, for all h0 = 0.52 m, hr = 0.4h0 -
2015-Apr-D1-R2 Q1, ±5 cm lateral probe misalignment
2015-Apr-D1-R3 Q1, ±10 cm lateral probe misalignment
2015-Apr-D1-R4 Q2, ±10◦ angular probe misalignment
2015-Apr-D1-R8 Q2, ±10◦ angular and ±5 cm lateral misalign-

ment
2015-Apr-D3-R5 Q2, ±10◦ angular misalignment
2015-Apr-D3-R6 Q2, ±20◦ angular misalignment
2015-Apr-D3-R9 Q2, ±20◦ angular and ±10 cm lateral mis-

alignment
2015-Apr-D4-R7 Q2, ±20◦ angular misalignment

moment based features as

f avg =
1

N

N−1∑
n=0

xn , (3)

f std =

√√√√ 1

N − 1

N−1∑
n=0

(xn − µf )2 , (4)

where N is the number of samples (effect of
the sample size is investigated in the experimental
section) and µf is the average computed by f avg
or in the case of more robust rank-order statistics
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Figure 4: 2 seconds signal (250 Hz) in three differ-
ent locations (a5, c2 and e2, see Figure 3) of the
studied setup.

µf = median({x}N). Moreover, in this work we
also adopt the frequency domain features used in our
preliminary work for flow type classification [31].
This feature is generated by applying the discrete
Fourier transformation (FFT) to the input signal and
dividing the frequency space to L equally spaced
bins for which the total energy is computed. Based
on our earlier work we set L = 100 which provides
fine-grained frequencies and the feature selection is
made by the regressor.

IV. REGRESSION LEARNING

To learn a regression mapping rS(·) : X →
Z , we can train a single-output regression model
such as the following popular regression method:
Partial Least-Squares (PLS) regression [32]. Partial
least square (PLS) regression [32] is employed
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here owing to the capability to cope with mul-
ticollinearity problem as well as its simplicity in
implementation and high computational efficiency,
which has recently been applied to a number of
signal processing applications [33], [34], [35], [36].
Without generality, as PLS can also cope with
multivariate regression problems, i.e. . to learn a
mapping from a vector-formed input variable to a
vector-formed output variable, we will investigate
PLS for multivariate regression learning and treat
single-variate regression as its special case.

Let us denote that the training set is repre-
sented as {(x, z)}i , i = 1, 2, · · · ,M. Denote com-
pactly X = [x1, . . . ,xM]> ∈ RM×n and Z =
[z1, . . . ,zM]> ∈ RM×l. PLS regression can be writ-
ten as

X = JP> +EX (5)
Z = KQ> +EZ (6)

where J ∈ RM×d and K ∈ RM×d are score
matrices with d being the number of latent variables,
P ∈ Rn×d and Q ∈ Rl×d are loading matrices,
and EX ∈ RM×n and EZ ∈ RM×l are the residual
matrices. Such a PLS regression projects both input
X and target Z into a latent space to maximize
the covariance between them, using latent/score vec-
tors. Typical solutions for estimating the score (and
loading) matrices are SIMPLS [37] and NIPALS
[38]. In this paper, we adopt NIPALS for its better
computational complexity (in the order of O(M2)).
With estimated score matrices, the problems (5)-(6)
reduce to a typical least squared regression problem

Z = XL+E∗, (7)

where L ∈ Rn×l, and E∗ is a residual matrix. From
[39], L can be computed as

L = X>K(J>XX>K)−1J>Z. (8)

Alternatively, other regression models can also be
employed such as ridge regression [40] and regres-
sion forests [41]. Partial least square regression is
adopted owing to its simplicity in implementation
and high computational efficiency and several of the
existing methods are compared in our experimental
part (Section V-D).

V. EXPERIMENTS

The experiments were conducted using the in-
dependent datasets in Table II which all contain

measurements from the same 24 spatial locations
for which the ground truth turbulence indices were
measured by ADV (Section III).

A. Preliminary analysis

There are two practical considerations in anal-
ysis of our experimental results: i) the measured
turbulence index values are meaningful only in the
context of their application. For example the values
of turbulence intensity relevant to the study of flows
around a bridge pier are several orders of magnitude
higher than those impacting a fish’s sensory sys-
tem. In the light, we have elected to compare the
performance of the device and proposed regression
framework using standard error measures, such as
the mean absolute error; and ii) we need to estab-
lish a baseline method to compare our results. To
address the aforementioned difficulties we propose
the following procedures:
• All turbulence measures are normalized to the

same scale, [0, 1], which makes errors propor-
tional to the full scale.

• Our baseline is a simple straw man method
(SM) that uses the mean value of each turbu-
lence index as an estimate.

Turbulence index normalization
The groundtruth measurements for the spatial loca-
tions are given in Table III. We perform the data
normalization by:

ȳi =
yi −min {y}i

max {y}i −min {y}i
. (9)

The results of the above normalization are shown in
Table IV.

Straw Man Method (SM)
The optimal non-observing decision is the largest
mode of each turbulence index value. For simplicity,
we assume unimodal distributions and use the nor-
malized turbulence index mean values as the fixed
estimate:

ySM = (0.34, 0.66, 0.48, 0.36, 0.18, 0.48, 0.71,

0.38, 0.74, 0.65, 0.59, 0.51, 0.50, 0.61) .
(10)

Using the above SM estimates we computed the
estimation errors and the error standard deviations
for all turbulence indices. The errors are reported as
proportional to the full scale within [0, 1]. We report
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Table III: Ground truth turbulence index measurements from 24 spatial locations (a1-e5). Note that the
turbulence indices TIA-TID are unitless.

U V W TKE TIA TIB TIC TID REXX REY Y REZZ REXY REXZ REY Z
[m/s] [m/s] [m/s] [m2/s] − − − − [m2/s2] [m2/s2] [m2/s2] [m2/s2] [m2/s2] [m2/s2]

a1 0.26 0.17 0.01 0.05 0.58 0.18 0.39 0.16 -32.00 -37.02 -29.37 -8.10 1.59 1.18
a2 0.59 0.34 0.06 0.07 0.32 0.22 0.32 0.24 -71.29 -43.81 -29.84 -6.81 4.61 2.53
a3 0.28 0.03 -0.01 0.08 0.79 0.23 0.51 0.22 -82.31 -29.31 -41.67 1.34 12.46 5.56
a4 0.09 -0.10 0.02 0.06 1.43 0.20 0.44 0.15 -46.89 -44.93 -31.60 -0.70 6.48 3.64
a5 -0.16 0.01 -0.02 0.04 0.96 0.16 0.40 0.12 -34.11 -20.54 -21.24 -2.15 8.00 -1.26
b1 -0.21 0.09 -0.02 0.06 0.89 0.21 0.37 0.15 -42.63 -51.16 -32.91 -20.93 -3.34 3.43
b2 0.74 0.33 0.08 0.08 0.28 0.22 0.29 0.25 -68.69 -51.96 -30.89 -6.75 -1.64 0.84
b3 0.50 0.13 0.03 0.10 0.51 0.26 0.44 0.27 -115.42 -46.29 -45.40 26.24 15.04 3.85
b4 0.02 0.03 -0.04 0.06 3.69 0.21 0.45 0.15 -54.38 -41.47 -34.03 11.42 11.05 4.19
b5 -0.35 0.01 0.02 0.03 0.39 0.14 0.36 0.14 -27.58 -16.89 -11.82 7.35 4.98 0.03
c1 -0.32 -0.15 0.00 0.04 0.45 0.16 0.40 0.17 -36.37 -19.01 -18.44 -8.38 -3.06 1.37
c2 0.68 0.08 0.03 0.14 0.45 0.31 0.47 0.37 -154.41 -87.35 -39.78 -58.60 -13.71 2.54
c3 0.56 0.05 -0.00 0.13 0.52 0.30 0.39 0.28 -111.81 -92.92 -56.88 55.39 20.27 3.08
c4 -0.06 0.16 -0.02 0.03 0.81 0.14 0.40 0.11 -25.30 -17.96 -15.42 6.56 4.22 -0.27
c5 -0.16 0.08 -0.01 0.02 0.71 0.13 0.38 0.10 -26.40 -11.26 -11.25 -2.08 2.23 0.78
d1 -0.21 -0.11 0.04 0.02 0.48 0.11 0.40 0.11 -16.24 -9.94 -12.34 -3.99 -1.53 -0.56
d2 0.89 -0.11 -0.02 0.15 0.36 0.32 0.39 0.38 -196.69 -56.99 -50.21 -43.54 -0.40 -1.20
d3 0.32 0.00 0.01 0.10 0.82 0.26 0.52 0.26 -86.12 -80.95 -40.84 39.39 13.72 -6.12
d4 -0.14 0.15 0.01 0.03 0.64 0.13 0.34 0.10 -21.31 -19.34 -12.54 -0.96 0.48 0.69
d5 0.04 0.14 0.01 0.02 0.88 0.12 0.49 0.11 -26.67 -9.98 -8.92 -0.10 -0.57 0.29
e2 1.24 -0.54 -0.02 0.04 0.12 0.16 0.10 0.14 -21.72 -36.15 -23.52 -4.18 -0.92 -0.96
e3 -0.07 0.13 0.02 0.01 0.62 0.09 0.44 0.09 -9.07 -8.55 -7.67 2.27 0.65 0.48
e4 -0.09 0.04 0.01 0.01 0.81 0.08 0.39 0.06 -6.78 -5.56 -5.99 -1.66 -0.35 -0.53
e5 0.02 -0.02 -0.06 0.01 0.93 0.06 0.43 0.05 -3.96 -3.55 -3.73 -0.42 -0.87 0.01

Table IV: Normalized ground truth turbulence measurements. Values 0.00 and 1.00 denote the two
extremum of the full scale (cf. Table III).

U V W TKE TIA TIB TIC TID REXX REY Y REZZ REXY REXZ REY Z

a1 0.38 0.80 0.49 0.30 0.13 0.47 0.69 0.33 0.85 0.63 0.52 0.44 0.45 0.62
a2 0.59 1.00 0.89 0.46 0.06 0.62 0.52 0.57 0.65 0.55 0.51 0.45 0.54 0.74
a3 0.40 0.66 0.35 0.49 0.19 0.64 0.98 0.52 0.59 0.71 0.29 0.53 0.77 1.00
a4 0.28 0.50 0.58 0.38 0.37 0.55 0.81 0.31 0.78 0.54 0.48 0.51 0.59 0.84
a5 0.12 0.63 0.28 0.22 0.24 0.38 0.71 0.21 0.84 0.81 0.67 0.50 0.64 0.42
b1 0.09 0.72 0.30 0.39 0.22 0.56 0.65 0.30 0.80 0.47 0.45 0.33 0.31 0.82
b2 0.68 0.99 1.00 0.48 0.04 0.64 0.45 0.61 0.66 0.46 0.49 0.45 0.36 0.60
b3 0.53 0.76 0.64 0.67 0.11 0.78 0.81 0.68 0.42 0.52 0.22 0.74 0.85 0.85
b4 0.23 0.65 0.11 0.41 1.00 0.57 0.84 0.30 0.74 0.58 0.43 0.61 0.73 0.88
b5 0.00 0.63 0.61 0.15 0.08 0.29 0.63 0.29 0.88 0.85 0.85 0.58 0.55 0.53
...

...
...

...
...

...
...

...
...

...
...

...
...

...
...

the mean absolute error (MAE) and the standard
deviation (STD) values in all experiments. The straw
man results are in Table VI (each value is average
over all spatial locations, a1-e5).

B. Parameter optimization
For this experiment we selected a single ideal

dataset (2015-Apr-D1-R1) and measured the esti-
mation errors using the leave-one-location-out pro-
cedure. Based on our preliminary test, we report
the results for the parameter combinations with
varying sample length (1, 2, 5, 10, 20, 30, 40, 50,
60 seconds) and three types of features including
average magnited (avg), standard deviation (std),

frequency (fre) investigated in Section III-B for
Partial Least-Squares (PLS) regression.

All results are collected to Table V in which
results statistically better (F-test of equal variance)
than the straw man method (SM) are bolded. The
results in Table V indicate that the following turbu-
lence indices can be measured significantly better
than the straw man (at least 2× better accuracy):
U , TKE, TIB, TID, REXX , REY Y and REZZ.
The best overall results were achieved by fixing
the sample length to 10s and using the standard
deviation feature. The MAE and STD error values
for the selected parameters are given in Table VII.

Using the fixed parameters we computed the
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Table V: Mean absolute errors (MAEs) for various parameter settings on the ideal dataset 2015-Apr-D1-
R1 (normalized values). Leave-one-location-out protocol and the Partial Least-Square (PLS) regression.
The values with statistical significance as compared to the straw man (SM) are emphasized.

U V W TKE TIA TIB TIC TID REXX REY Y REZZ REXY REXZ

SM 0.229 0.135 0.181 0.243 0.105 0.242 0.134 0.230 0.202 0.243 0.254 0.120 0.173

1s-avg 0.145 0.108 0.178 0.149 0.178 0.117 0.172 0.112 0.218 0.185 0.174 0.172 0.203
1s-std 0.092 0.127 0.197 0.172 0.181 0.91 0.141 0.144 0.172 0.191 0.126 0.163 0.153
1s-fre 0.215 0.122 0.176 0.229 0.225 0.103 0.165 0.186 0.233 0.244 0.121 0.175 0.154

2s-avg 0.145 0.107 0.173 0.170 0.194 0.134 0.191 0.114 0.247 0.212 0.194 0.192 0.225
2s-std 0.870 0.126 0.202 0.158 0.170 0.093 0.146 0.133 0.164 0.182 0.126 0.156 0.153
2s-fre 0.201 0.121 0.175 0.225 0.222 0.102 0.162 0.179 0.230 0.242 0.120 0.174 0.151

5s-avg 0.155 0.090 0.185 0.187 0.216 0.157 0.214 0.120 0.251 0.228 0.202 0.210 0.232
5s-std 0.082 0.129 0.203 0.137 0.152 0.100 0.156 0.121 0.158 0.163 0.124 0.144 0.157
5s-fre 0.180 0.114 0.171 0.218 0.219 0.103 0.161 0.172 0.221 0.234 0.119 0.171 0.136

10s-avg 0.166 0.101 0.188 0.226 0.254 0.209 0.248 0.152 0.313 0.270 0.237 0.253 0.252
10s-std 0.083 0.122 0.204 0.129 0.145 0.116 0.173 0.118 0.158 0.154 0.127 0.132 0.167
10s-fre 0.168 0.107 0.177 0.205 0.207 0.109 0.163 0.166 0.203 0.222 0.116 0.167 0.132

20s-avg 0.178 0.125 0.197 0.249 0.281 0.238 0.281 0.176 0.364 0.286 0.269 0.278 0.248
20s-std 0.090 0.127 0.211 0.132 0.145 0.136 0.196 0.119 0.175 0.161 0.130 0.126 0.173
20s-fre 0.149 0.101 0.192 0.218 0.216 0.113 0.160 0.182 0.202 0.234 0.108 0.162 0.127

30s-avg 0.205 0.152 0.200 0.287 0.325 0.272 0.304 0.212 0.397 0.320 0.291 0.295 0.245
30s-std 0.103 0.124 0.240 0.107 0.153 0.160 0.237 0.109 0.121 0.150 0.125 0.121 0.185
30s-fre 0.151 0.101 0.169 0.231 0.230 0.132 0.174 0.207 0.196 0.235 0.112 0.172 0.128

40s-avg 0.230 0.158 0.204 0.291 0.329 0.293 0.336 0.220 0.444 0.366 0.290 0.295 0.257
40s-std 0.103 0.110 0.249 0.117 0.127 0.195 0.253 0.116 0.129 0.152 0.123 0.130 0.204
40s-fre 0.146 0.111 0.196 0.243 0.245 0.143 0.177 0.218 0.206 0.257 0.104 0.145 0.119

50s-avg 0.234 0.189 0.322 0.327 0.392 0.291 0.312 0.227 0.478 0.369 0.308 0.292 0.318
50s-std 0.094 0.125 0.274 0.161 0.208 0.202 0.300 0.164 0.169 0.207 0.084 0.124 0.234
50s-fre 0.137 0.130 0.212 0.240 0.208 0.181 0.210 0.236 0.200 0.246 0.126 0.150 0.155

60s-avg 0.262 0.189 0.236 0.335 0.395 0.341 0.346 0.254 0.457 0.419 0.309 0.326 0.292
60s-std 0.099 0.128 0.259 0.120 0.198 0.217 0.321 0.124 0.132 0.174 0.118 0.142 0.237
60s-fre 0.132 0.100 0.209 0.258 0.260 0.185 0.216 0.240 0.216 0.272 0.106 0.183 0.143

Table VI: Normalized estimation errors (MAE:
Mean absolute error in [0, 1]; STD: Standard De-
viation) for the straw man method (SM).

T-index MAE STD

U 0.229 ±0.28
V 0.135 ±0.21
W 0.181 ±0.24
TKE 0.243 ±0.30
TIA 0.239 ±0.30
TIB 0.105 ±0.20
TIC 0.170 ±0.26
TID 0.202 ±0.26
REXX 0.243 ±0.30
REY Y 0.254 ±0.30
REZZ 0.120 ±0.21
REXY 0.173 ±0.22
REXZ 0.161 ±0.22
REY Z 0.160 ±0.22

estimates separately for each four ideal datasets and
the result points and correlations for the TKE index

Table VII: Ideal dataset (2015-apr-D1-R1) estima-
tion errors (normalized) for the best overall pa-
rameter settings (10 seconds sample length and the
standard deviation feature).

T-index SM PLS-10s-std
MAE ±STD MAE ±STD

U 0.229 ±0.28 0.083 ±0.11
TKE 0.243 ±0.30 0.129 ±0.22
TIB 0.242 ±0.29 0.116 ±0.19
TID 0.230 ±0.28 0.118 ±0.20
REXX 0.202 ±0.26 0.158 ±0.23
REY Y 0.243 ±0.30 0.154 ±0.20
REZZ 0.254 ±0.30 0.127 ±0.19

are shown in Figure 5. The plots indicate that our
selected features and the regression perform well
in turbulence index estimation, but also reveal a
single location for which the estimation systemat-
ically fails. The failure for the location e2 can be
explained by the fact that the probe body takes up
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Figure 5: The correlation plots of the TKE turbulence index for the four repeatability test datasets.

a large portion of the slot opening, thus the flow
measurement in the slot is highly disturbed and
likely requires a separate regression workflow for
turbulence metric comparison. The locations a1, c2
and b2 are in a backwater region upstream of the
jet and experience slow, oscillatory water surface
fluctuations. This is a possible reason why the total
pressure based LLP also shows an outlier for one
of the experimental data sets, where longer time-
averaging is likely to remove these locations as
outliers.

C. Repeatability

The four datasets of constant conditions (“ideal”
and “repeatability” in Table II) were used in this ex-
periment. We conducted 4-fold experiments where
three datasets were always used in training and one

in testing. Moreover, we removed the tested location
also from the training data (leave-one-location-out).
The results are reported in Table VIII. The accura-
cies of the turbulence indeces are almost untouched
as compared to Table VII indicating that the LLP
probe and our regression based estimation provide
repeatable estimates of the turbulence indeces.

D. Regression methods

To compare different regression methods, we
tested several recent methods: Partial Least Square
(PLS) [39], ridge regression (RR) [40], Gaussian
Process Regression (GPR) [42], Least Square Sup-
port Vector Regression (LSSVR) [43], Random
Forests for Regression (RFR) [41] and Support Vec-
tor Regression (SVR) [44] There are no significant
differences between the four best methods: PLS,
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Table VIII: Estimation errors over 4-fold cross-
validation using four datasets (the ideal and three
repeatability datasets in Table II). The tested lo-
cation was removed from the regressor training
set (leave-one-location-out). The same parameter
settings were otherwise used (10 seconds sample
length and standard deviation features).

T-index SM PLS-10s-std
MAE ±STD MAE ±STD

U 0.229 ±0.28 0.085 ±0.11
TKE 0.243 ±0.30 0.128 ±0.19
TIB 0.242 ±0.29 0.126 ±0.18
TID 0.230 ±0.28 0.117 ±0.18
REXX 0.202 ±0.26 0.118 ±0.20
REY Y 0.243 ±0.30 0.138 ±0.19
REZZ 0.254 ±0.30 0.153 ±0.19

RIDGE, GPRREG and LSSVM in Table IX which
indicates that the features are stable and explain well
the turbulence indeces. For all other experiments we
fixed the regression method to PLS regressor.

Table IX: The previous experiment repeated using
various different regression methods.

T-index
Regressor U TKE TIB TID

SM 0.229±0.28 0.243±0.30 0.242±0.29 0.230±0.28
PLS [39] 0.085±0.11 0.128±0.19 0.126±0.18 0.117±0.18
RR [40] 0.086±0.11 0.126±0.19 0.124±0.18 0.116±0.18
GPR [42] 0.085±0.11 0.126±0.19 0.124±0.18 0.116±0.18
LSSVR [43] 0.085±0.11 0.127±0.19 0.124±0.18 0.116±0.18
RFR [41] 0.071±0.11 0.141±0.22 0.134±0.19 0.126±0.20
SVR [44] 0.084±0.11 0.280±0.29 0.165±0.22 0.153±0.19

E. Robustness
In this experiment the sensor probe was mis-

aligned arbitrarily (spatial location and angle) to
mimick more realistic conditions of field measure-
ments (see Table II for details). The ideal datasets
were used in training and the 8 misaligned datasets
used in testing. The average and worst case errors
are given in Table X. The accuracies degrade, but
the difference is not significant as compared to
the ideal case and therefore our approach can be
considered robust to the distortions that are likely
to occur in real field measurements.

VI. CONCLUSIONS

We proposed a novel combination of a bio-
inspired fish-shaped probe of piezoresistive pres-

Table X: Estimation errors for the robustness exper-
iment (8 datasets with probe misalignments used in
testing).

error (MAE)
SM Ideal Robust.

T-index Avg Worst

U 0.229 0.085 0.114 0.123
TKE 0.243 0.128 0.143 0.166
TIB 0.242 0.126 0.143 0.170
TID 0.230 0.117 0.130 0.157
REXX 0.202 0.118 0.130 0.162
REY Y 0.243 0.138 0.158 0.168
REZZ 0.254 0.153 0.166 0.190

sure sensors configured similar to a fish’s lateral
line, standard deviation features computed over 10
second measurement period with the 250Hz sam-
pling frequency, and a robust Partial Least-Square
(PLS) regression method to measure hydrodynam-
ical turbulence indeces in realistic conditions. We
investigated the effects of various parameters of our
approach and verified that it can produce repeatable
measurements and is robust to typical variations
in field conditions. The mean absolute errors were
8.5%-15.3% for the ideal and 11.4%-16.6% for
the challenging data (see Table X) of the full
measured scales of each metric (U , TKE, TIB,
TID, REXX , REY Y and REZZ) indicating that
our probe and regression based signal processing
achieve sufficient accuracy for many field measure-
ments. Our regressor was 1.7×-2.7× better than
the straw man for the ideal and 1.5×-2.0× for the
challenging data. Our system provides an afford-
able and easy-to-use (no calibration needed) tool
for biological field measurements and quantitative
hydrodynamic characterization of human-made fish
passages and natural environments of fishes.
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