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Abstract
Biophysical properties of lateral line ﬂow sensors are reviewed with a speciﬁc focus on a quantitative description of their detection
capabilities. Two submodalities, canal neuromasts (CN) and superﬁcial neuromasts (SN), are distinguished, which differ in their
morphological characteristics and interaction with the external ﬂuid ﬂow to be detected. On the basis of ﬂuid-neuromast-interaction
described in terms of Stokes ﬂow, analytical expressions are obtained for their sensitivity and frequency selectivity. Based on these
expressions, their operational features are determined in ﬂuid velocity-frequency space, emphasizing the two types’ complementarity and their capacity in mediating different behaviors. Using similar modeling, a particular upscaled artiﬁcial neuromast’s
(AN) detection capabilities are reviewed and shown to mimic those of biological neuromasts. Combinations of artiﬁcial lateral
line systems with neural networks are discussed within the context of hydrodynamic imaging.

Introduction
Humans use internal ﬂow detection in sensory modalities, such as hearing and the sense of balance. Induced by sound or change of
posture, small internal structures in the inner ear bathing in body ﬂuids, are displaced via the ﬂow past them. These ﬂow induced
displacements are signaled to the brain by mechanosensory hair cells. Humans do not possess similar ﬂow sensing capabilities for
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external ﬂow as some animal species do. Speciﬁcally aquatic animals surrounded by water, a more dense and viscous medium than
air, are equipped with a sensory organ, the lateral line organ, which is specialized in detecting external water ﬂow past their body.
The primary ﬂow sensing units of the lateral line organ are the neuromasts, which consists of gelatinous structures, called cupulae,
covering tens to thousands of hair cells. When subjected to ﬂow, cupulae excite the underlying mechano-sensory hair cell bundles. A
series of neuromasts in an array, as found in many ﬁsh lateral line organs, enables not only to sense the location of objects or
animals alongside, but also to perceive their size and shape, a combination sometimes referred to as hydrodynamic imaging; see
Dijkgraaf (1963) for a classic review. More detailed overviews of differences and diversity of lateral line systems and their functional
roles are given in other chapters in this series.
Two submodalities of detection units may be discerned: superﬁcial neuromasts (SNs), projecting from the animal skin into the
external water, and canal neuromasts (CNs), which are located in canals just recessed under the skin. This difference has been implicated in their different ﬂow-detection characteristics, possibly also mediating different behavioral tasks (Coombs and Janssen, 1990;
van Netten and McHenry, 2013). Responses of the two types of neuromasts, differing in their interaction with external water ﬂow,
have been a topic of various experimental studies. Apart from behavioral studies (e.g. Coombs and Conley, 1997a; Hoekstra and
Janssen, 1986), this was mostly done utilizing electrophysiological and micro-mechanical techniques to measure responses to
hydrodynamic test stimuli (Coombs and Janssen, 1990; Görner, 1963; Kroese and Schellart, 1992; van Netten and Kroese,
1987). Lateral line ﬂow sensing has also been theoretically addressed in several studies and applied to describe experimental results
(Barbier and Humphrey, 2009; Denton and Gray, 1983; Herzog et al., 2017; Jielof et al., 1952; Kalmijn, 1989; Liff and Shamres,
1972; McHenry et al., 2008; van Netten, 1991; Windsor et al., 2008). The simplest interpretation of the working mechanism of
a neuromast is based on the notion that ﬂuid drag forces displace the cupula in proportion to ﬂow velocity, which is signaled
by the underlying hair cells. Understanding the fundamental mechanisms of this ﬂuid ﬂow detection, however, is more complicated
and requires studying its ﬂuid-structure interaction into more detail.
The ﬂuid-structure interaction of lateral line neuromasts driven by water ﬂow, has been investigated using Computational Fluid
Dynamic (CFD), effectively by numerically solving the Navier-Stokes equation based on particular geometries of the cupula and its
surroundings (Barbier and Humphrey, 2009; Herzog et al., 2017; Windsor et al., 2008). Alternatively, theoretical investigations of
the water-neuromast interaction have been based on speciﬁc analytic solutions of the Navier-Stoke equation, describing the forces
on spherical or cylindrical shapes when vibrating in a ﬂuid (Stokes, 1851). Although several simplifying assumptions are made, this
approach yields the advantage of modeling and predicting a neuromast’s dynamic response to vibratory ﬂuid ﬂow excitation in
terms of analytical solutions (Humphrey, 2009; McHenry and van Netten, 2007; van Netten, 1991; van Netten, 2006). Fitting
such biophysical models to measured results allows for the determination of physiological parameters (e.g. Young’s modulus of
cupula matrix, hair bundle stiffness), which are otherwise difﬁcult to measure under in vivo conditions (McHenry and van Netten,
2007). Even more importantly, this also provides insight into underlying mechanisms and fundamental limitations to ﬂuid ﬂow
detection as well as facilitating the design of artiﬁcial ﬂow sensors.
Over the last decade our understanding of the biophysics of lateral line neuromasts has also increasingly been utilized for
building artiﬁcial ﬂow sensors. This biomimetic approach has led to the design and fabrication of several types of so called artiﬁcial
lateral lines (ALLs). In this chapter the ﬁrst part is related to the description and analytical modeling of biological lateral lines. The
second part describes the development of a particular artiﬁcial lateral line sensor, based on optical ﬁber technology, and its use for
hydrodynamic imaging. The common working principles of biological and artiﬁcial lateral lines regarding sensitivity and frequency
selectivity will be illustrated and its use for optimizing biomimetic ﬂow sensors is discussed. Also, an overview is given on the use of
artiﬁcial neural networks (ANNs) for signal processing that enables artiﬁcial lateral lines (ALLs) to mimic hydrodynamic imaging,
similarly to their biological counterparts.

Biophysical Description of Lateral Line Detectors
Morphological Differences Between Superﬁcial and Canal Neuromasts
SNs are located on the skin of bony ﬁsh and aquatic amphibians and receive their mechanical ﬂow stimulus from the external water
close to the body surface, where a boundary layer locally ﬁlters the external ﬂuid ﬂow. CNs, are located in canals, which are running
just below the skin, and are embedded in a bony structure or in the ﬁsh scales. The stimulus for CNs is therefore not the external
ﬂuid itself, but a ﬁltered version affected by the water-canal interaction, resulting in a boundary layer inside the canal. Also the size,
shape and mode of displacement of the two types of neuromasts are different. These combined different biophysical properties have
been reviewed in terms of the different frequency responses, or transfer functions, of the two sub-modalities (van Netten and
McHenry, 2013) (Fig. 1).
An important conclusion of analyzing the effects of the different hydrodynamic engagement and different morphology was
related to the resulting differences in both sensitivity and frequency selectivity between CNs and SNs. The analysis was performed
for CNs of ruffe (Gymnocephalus cernua), with a typical cupula diameter of 600 mm and hemi-spherical shape, while residing in
canals with typical diameters of 1 mm. From previous micro-mechanical measurements (van Netten and Kroese, 1987) it was
concluded that the cupula mode of response to ﬂow was pure translation, without bending. For SNs data from zebraﬁsh (Danio
rerio) neuromasts was used. The cupula is cylindrically shaped, is tapered at the tip, and has a typical height of 45 mm and
a cross-sectional radius of 5 mm. These neuromasts have a cupula matrix which is very ﬂexible, the Young’s modulus is of the order
of 100 Pa (McHenry and van Netten, 2007) and bends during stimulation.
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Figure 1 Schematic overview of the two submodalities of ﬂow sensors in the lateral line system of ﬁsh and aquatic vertebrates. CNs are situated in
recessed canals and usually have larger dimensions than SNs which project their cupula directly into the outside water. Adapted from van Netten and
McHenry (2013).

Acceleration and Velocity Detection of Both Types of Neuromasts
Based on experiments, CNs have been described as ﬂuid acceleration detectors, whereas SNs have been characterized as detectors of
ﬂuid velocity, both with respect to free stream (Chagnaud and Coombs, 2013; Coombs and Janssen, 1990).
Theoretical analysis of the biophysical model of the CN explains why these can be considered ﬂuid acceleration detectors. This
results from combining two main model components, (i) The time-differentiating ﬁltering action of the canal on external (free
stream) ﬂow, effected by a frequency dependent boundary layer in the canal, and (ii) frequency dependent ﬂuid forces on
a (hemi-)sphere. This yields an acceleration sensitivity of about 1 nm per 1 mm s2 for the ruffe.
Likewise, for SNs, there are three main model components: (i) a frequency dependent boundary layer next to the ﬁsh’s skin, (ii)
a cylindrical ﬂexible beam, (iii) frequency dependent ﬂuid forces acting on small parts of this (bending) beam. Together, with
parameters taken from the zebraﬁsh, it shows that SNs have an almost constant velocity sensitivity for frequencies in the physiologically relevant range of a few Hertz to several hundreds of Hertz amounting to 1 nm deﬂection per mm s1 free stream ﬂow
(van Netten and McHenry, 2013).

Excitatory Vibratory Fluid Forces on a Sphere and a Cylinder
The next two sections give more detailed information on the ﬂuid forces on the neuromasts, which are the two central elements in
the two models. These descriptions account for the ﬂuid-cupula interaction and are based on frequency dependent ﬂuid forces on
a sphere and a circular cylinder as derived by Stokes (1851).

Frequency Dependent Boundary Layer
Stokes derived analytical solutions of the Navier-Stokes equation for the ﬂuid ﬁelds around a limited set of differently shaped
vibrating objects. The equations assume linear behavior of the ﬂuid resulting in so called Stokes ﬂow, where the nonlinear Reynolds
number is small ðRenlin ¼ arw=mw  1Þ. The ﬂuid viscosity is indicated by m and its density by rw , where for numerical calculations
the values of water were used.
Here we focus on two such objects, a sphere and a circular cylinder. These shapes are used for modeling respectively a CN and
a SN. For small structures (< 1 cm) like the two types of cupulae we are considering, and the relatively low frequencies (<1 kHz) we
are interested in, compressibility can be neglected (Batchelor, 1967; van Netten, 1991, 2006). This implies that velocity gradients are
negligibly inﬂuenced by the elastic properties of water, which in turn means that we may neglect the ﬂow effects of sound. This is
equivalent to the notion that only the near ﬁeld around these objects is of importance (van Netten, 1991, 2006).
The ﬂuid forces considered here, result in both cases (sphere and cylinder) from vibrating the object into one direction (the
cylinder at right angles) by YðtÞ ¼ Y0 expði2pft Þ, so that ﬂuid around the object is pushed back and forth. Stokes calculated the
integrated ﬂuid forces on the whole sphere and on a section dl of length of the cylinder, both under the simplifying conditions
of incompressibility and small object displacement with respect to characteristic object dimension (i.e. Y0  a), where a is the
sphere’s radius, or the cylinder’s cross-sectional radius.
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The frequency, f , of the vibratory ﬂuid displacement plays an important role for determining whether viscous or inertial ﬂuid
forces dominate the ﬂuid forces. This has a relationship to the thickness of the frequency dependent boundary layer, which is generated around the objects (both sphere and cylinder). The boundary layer thickness is given by:
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
m
(1)
dðf Þ ¼
rw pf
Reynolds numbers (Re) are often used to determine whether viscous forces (Re  1Þ or inertial forces (Re [1Þ dominate. For
vibratory ﬂuid ﬂow the linear Reynolds number (ReL ¼ 2pa2 rw f =m ) can be used (Batchelor, 1967). Combining this with Eq. (1)
we can see that ReL ¼ 2ða= dðf ÞÞ2 . This result emphasizes the importance of the boundary layer’s thickness in comparison to the
physical size of the objects, via the ratio a ⁄ d. So at low frequencies, when a ⁄ d  1, viscous forces dominate; at high frequencies,
when a ⁄ d[1, inertial forces dominate. This also means that there exists a transition frequency, ft ¼ m=ð2pra2 Þ at which both types
of forces are equally important. The strong dependence of ft on the radius can, at a ﬁxed frequency, also be interpreted by noting that
the smaller an object is, the thicker its boundary layer is, so that viscous forces are then becoming more important and vice versa. The
same holds true for boundary layers within canals with a speciﬁc radius a (Batchelor, 1967). In Table 1, boundary layer thicknesses,
ratios, a ⁄ d and related linear Reynolds numbers are listed for relevant frequencies for the two submodalities (CN of ruffe and SN of
zebraﬁsh).

Viscous and Inertial Fluid Forces on a Sphere
The ﬂuid force acting on a ﬁxed sphere displaced by YðtÞ ¼ Y0 expði2pftÞ was derived by (Stokes, 1851) and clearly shows the
dependence on the frequency dependent boundary layer via the appearance of the ratio a ⁄ d, when written in complex notation:


a
a
a
2 a2
¼  6pma 1 þ þ i þ i
i2pfY
(2)
FCN
d
d
d
9 d
In this equation the two real terms between square brackets account for viscous forces, which are in (anti-)phase with the
sphere’s velocity dYðtÞ=dt ¼ i2pfY0 . The two imaginary terms describe inertial forces which lead the viscous forces with ninety
degrees, as is also evident from the multiplication with i. The ﬁrst real term between square brackets is 1 and is related to the familiar
result known as Stokes’ law (F ¼  6pma dY=dt) representing a pure viscous force in (anti-)phase with velocity. The last term
between brackets, proportional to ða ⁄ dÞ2 and in (anti-)phase with ﬂuid acceleration, can be seen to combine with the other factors
to represent a force required for the acceleration of a ﬂuid mass equal to half of the ﬂuid displaced by the sphere, M , which effectively increases the neuromast’s mass with a factor of 1.5 (see e.g. van Netten, 2006):
2 a2
1 4p 3
d2 YðtÞ 1  €
a rw $
(3)
6pma $ i
$i2pfY ¼
¼ M Y
9 d
2 3
dt 2
2
The two terms in the middle, both proportional to a ⁄ d, contribute an equal amount to the viscous and inertial ﬂuid force, the
amount depending on frequency. Table 1 in combination with Eq. (2) shows that in the range of frequencies between 1 and 30 Hz,
there is a transition of a ⁄ d and ReL from smaller than one to larger than one, implying a transition from viscous-to inertial ﬂuid
forces dominating CN mechanics. At frequencies beyond 20 Hz, the imaginary components, and therefore inertial ﬂuid forces,
indeed dominate (see also Fig. 2).

Viscous and Inertial Fluid Forces on a Small Slice of a Cylinder
Equivalent to the ﬂuid forces on a sphere, Stokes (1851) also derived expressions for forces on inﬁnitesimally small slices (having
length dl) of a cylinder (having inﬁnite length). These expressions were valid for two limiting cases, where one case could be used in
combination with the typical dimensions and frequencies relevant for SNs. For SNs the required condition is dependent on dimensionless parameters L and k, where the latter should be smaller than one, a condition that is amply met for the relevant range of
frequencies (see Table 1 and Eq. (4) below). The force on a slice with length dl of the cylinder (for k < 1) can then analytically
be approximated, see e.g. (McHenry et al., 2008)
Table 1

Boundary layer thickness, a ⁄ d and linear Reynolds numbers for CN (ruffe) and SN (zebraﬁsh)

f (Hz)

d (mm)

a=d CN

ReL CN

a=d SN

ReL SN

k

0.1
0.3
1
3
10
30
100
300
1000

1.78
1.03
0.56
0.33
0.18
0.10
0.06
0.03
0.02

0.17
0.29
0.53
0.92
1.68
2.91
5.32
9.21
16.81

0.06
0.17
0.57
1.70
5.65
16.96
56.52
169.56
565.20

0.003
0.005
0.009
0.015
0.028
0.049
0.089
0.153
0.280

1.57E-05
4.71E-05
1.57E-04
4.71E-04
1.57E-03
4.71E-03
1.57E-02
4.71E-02
1.57E-01

0.17
0.19
0.22
0.24
0.28
0.33
0.40
0.50
0.61
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Figure 2 Water ﬂow induced forces acting on a vibrating object. Left panel: Forces on a sphere (a ¼ 300 mm; calculated with Eq. 2), and used in
the model for CNs. Right panel: forces on a vibrating slice of a cylinder (a ¼ 5 mm; calculated with Eq. 3), used for the model of SNs. Both objects
are assumed to vibrate with constant velocity amplitude of 1 m s1. For comparison the forces on the cylinder are taken along a slice with a length of
5 mm, which is equal to its cross sectional radius. Both viscous and inertial ﬂuid forces are important in the physiologically relevant frequency range
of 0.1 to 100 Hz.

k

"
#
!
a
a
p
i a2
¼  4pmðdlÞ k
FSN
1  i a  þ
i2pfY
d
d
2 d
4L d

(4a)

a
L
a
¼
; and gz0:5772
p2 ; with L ¼ g þ ln pﬃﬃﬃ
2
d
2
$d
L þ 4

(4)

Also for the cylinder slice, the terms between square brackets clearly indicate the (real) viscous and (imaginary) inertial force
related terms as a function of the a ⁄ d ratio, and therefore as a function of frequency f . At low frequencies the viscous force dominates (i.e. F ¼  4pmðdlÞk dY=dt), comparable to the low frequency viscous force on a sphere. The last term in between square
brackets is proportional to ða ⁄ dÞ2 , and represents an inertial ﬂuid force, also comparable to the inertial ﬂuid force on a sphere.
Here, however, this force is equal to accelerating a ﬂuid with the full volume displaced by the slice, where m is the mass of ﬂuid
displaced by the cylinder per unit length:
i a2
d2 YðtÞ
€
4pmðdlÞ
$ i2pfY ¼ pa2 ðdlÞrw $
¼ m dl$Y:
(5)
2 d
dt 2
Because of the speciﬁc imaginary term in Eq. (4), inversely proportional to L, the transition frequency for viscous to inertial ﬂow
is lower than expected purely on the basis of unity of the ratio a ⁄ d (see also Fig. 2).

Modeling Dynamic Responses of Neuromasts
Equation of Motion
Using the results of the preceding two sections, describing ﬂuid forces on the sphere (FCN ) and cylinder (FSN ) as a function of
frequency, we may formulate equations of motion for both the CNs’ and SNs’ displacement XðtÞ ¼ X0 expði2pftÞ in response to
an excitatory ﬂuid displacement WðtÞ ¼ W0 expði2pftÞ. These equations simply imply adding the ﬂuid forces on a neuromast
and its elastic force and equating this to its mass (M ¼ 4 3 pa3 rn or pa2 rn dl) times acceleration, according to Newton’s second
€
law: MXðtÞ
¼ Fel þ FCN; SN þ Fbuoy .
=

Canal Neuromast Model
For CNs, we need to consider the elastic forces related to the collective stiffness Kof the underlying hair cell bundles Fel ¼  KXðtÞ as
the additional elastic force. We also have to take into account that the ﬂuid forces in the model, FCN; SN , arise from a vibrating excitatory ﬂuid velocity d=dt ðWðtÞÞ ¼ i2pf W0 expði2pftÞ, rather than a ﬁxed ﬂuid in which an object vibrates. We therefore have to take
the relative ﬂuid velocity (and acceleration) of the neuromast with respect to the excitatory driving ﬂuid, i.e. d=dt YðtÞ ¼ d=
dt ðXðtÞ  WðtÞ), for calculating the ﬂuid forces acting on the neuromasts. An additional ﬂuid force arises from buoyancy effects
generated by the accelerating ﬂuid. Damping in the models is accounted for by the viscous dissipative ﬂuid forces.
€
€
with M ¼ 43 pa3 rn and M ¼ 43 pa3 rw . Solving
For the CNs the equation of motion then is: MXðtÞ
¼  KXðtÞþ Fs ðtÞþ M WðtÞ,
this equation in the frequency domain yields the frequency dependent transfer function, or frequency response (van Netten, 2006),
where i2pfW0 is the complex ﬂuid velocity amplitude and X0 ðf Þ is the resulting neuromast’s complex displacement (van Netten,
1991, 2006):
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1
X0 ðf Þ ¼
2pft

 1
pﬃﬃﬃ
2
1 þ 12 2ð1 þ iÞ fft þ 13 i fft
 2 i2pfW0 ;
 3
pﬃﬃﬃ
2
Nr þ i fft  12 2ð1  iÞ fft  13 fft

(6a)

where
Nr ¼

Kar
m
and ft ¼
:
6pm2
2pra2

(6b)

Here we made use of setting cupula density rn equal to the density of the water, rw . When combined with the ﬁltering action of
a canal, the frequency response of Eq. (6) gives rise to acceleration detection of CNs, as discussed further in van Netten (2006) and
van Netten and McHenry (2013). Note that these frequency responses combine 4 physical parameters (m, r, K, and a), into only two,
the so called resonance number Nr and the transition frequency ft . The ratio of stimulus frequency and transition frequency f = ft
equals the linear Reynolds number ReL , which is equal to 2ða=dÞ2 .
The results of Eq. (6) have been used to model dynamic behavior of various CNs with different cupula sizes (Wiersinga-Post and
van Netten, 2000). It is further elaborated on in the section called Modeling an Upscaled, Bio-Inspired Artiﬁcial Neuromast, where
also applications to artiﬁcial neuromasts (ANs) are discussed. Combined with a simple model of ﬂow inside a tube (Sexl, 1930)
ﬁltering the external ﬂow frequencies below the transition frequency, ft , explains the overall acceleration detection character of
CNs in a canal in the frequency range from DC to the order of hundred Hz (van Netten, 2006; van Netten and McHenry, 2013).

Superﬁcial Neuromast “Full” Model
To apply the equation of motion (see the Equation of Motion section) to a SN, we ﬁrst have to relate the elastic force Fel to the
bending of the cylinder via Bernoulli’s beam equation. If we use here Xðz; tÞ as the deﬂection from the beam’s neutral position
at height z and time t, Bernoulli’s beam equation relates the local deﬂection to the beam’s Young’s modulus E, second moment
of inertia of the cupula I ¼ p=4,a4 , and the local elastic force per unit length at height z via:
Fel
d4 X
¼ EI 4 :
dz
dl

(7)

Then, applying the equation of motion (see the Equation of Motion section), we arrive at the forces per unit length of the cupula
at height z:
EI

d4 Xðz; tÞ
d2 Xðz; tÞ Fc
d2 Wðz; tÞ
¼ m
þ þ m
;
dz4
dt 2
dt 2
dl

(8a)

with
m ¼ pa2 rn and m ¼ pa2 rw :

(8b)

To account for the driving ﬂuid in the boundary layer along height z, a velocity proﬁle Wðz; tÞ such as in (Lamb, 1932; McHenry
et al., 2008) can be used:


zð1 þ iÞ
;
(9)
Wðz; tÞ ¼ WN expði2pftÞ 1  exp
d
where WN is free stream velocity.
Eq. (8) can ﬁrst be evaluated in the frequency domain and then solved via four-fold integration along height variable z, as in
McHenry et al. (2008). There it was assumed that the cupula density is equal to water density (i.e. rn ¼ rw ). The resulting complex
displacement amplitude X0 is:
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ!
 X

3
iWN
ipfbd4
zð1 þ iÞ
j 4 i2pfb
þ
1
X0 ðz; f Þ ¼ 
exp
C
exp
i
z
;
(10)
j
d
EI
2pf
2EI þ ipfbd4
j¼0
with b ¼  4pmk  i4p2 ra2 f þ ðip2 mkÞ=L. A solution was obtained (McHenry et al., 2008) by assuming a two-beam model of the
cupula, based on the interpretation of ﬂexural stiffness measurements of SN cupulae of the zebraﬁsh (McHenry and van Netten,
2007).
In this model, two different cupula parts, a distal more ﬂexural section (E ¼ 20 Pa), and a proximal section with a substantial
larger Young’s modulus (Ey100 Pa) is proposed, most likely related to the effective reinforcement of the cupula matrix by the hair
bundle-kinocilium complex (McHenry and van Netten, 2007). Effectively this involved numerically solving for 8 boundary conditions imposed on X0 and its derivatives at the tip of the distal part, the bottom of the proximal part and at the matching connection
between two sections. This yielded numerical values for the two sets of Cj for the cupula section from which solutions could be
calculated (McHenry et al., 2008).
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Superﬁcial Neuromast Template Model for Hair Bundle Deﬂections
A more simple approach may be taken by assuming that the cupula consists of a single beam, so that only fulﬁlling a single set of
four boundary conditions is required (Yoshizava et al., 2014). To select a proper single Young’s modulus, the proximal part seems to
be the most suitable choice, as it reﬂects best the elastic properties that most strongly determine the stimulus to the underlying hair
cell bundles. The single beam approach allows for Cj (Eq. 10) to be calculated analytically more easily.
Results conform to the full two beam model with equal Young’s moduli for distal and proximal parts. This single beam model
offers an attractive feature originating from its analytical description, allowing an analytical derivation of an equation for the
shearing forces produced at the lower part of the cupula where the hair cells receive their effective displacement stimulus. This
concerns a simplifying approximation of the “full” analytical single beam SN model, which however, seems to capture most salient
sensitivity features of the analytical model in a 6-D parameter space closely around a physiologically relevant parameter set. The 6
independent parameters of the template SN model are: cupula height, hc ; cupula radius a0 ; cupula Young’s modulus E; ﬂuid
viscosity m; number of hair cells nhc ; and the stiffness Slin of a single underlying hair bundle.
The template SN model describes the (complex) hair bundle deﬂection in proportional response to the standard used unit of free
stream ﬂow (1 mm s1) at frequency f :
 0:5
pﬃﬃﬃﬃﬃﬃﬃﬃ
i ff0
a20 EE0
1 a0 4 E
and E0 ¼ 5625 Pa
Xhb ðf Þ ¼
(11)
 0:5 ; with f0 ¼
2 hc m
nhc Slin
1 þ i ff0
This entails a high pass ﬁlter function with low-frequency cut-off, f0 , dependent on Young’s modulus and viscosity, but also very
strongly dependent on cupula aspect ratio. Alternatively expressing the cupula frequency-selectivity purely in terms of a0 , hc , E, and
m, via substituting f0 via these parameters gives:
pﬃﬃﬃﬃﬃ
E0
ð2if Þ0:5
pﬃﬃﬃ
p
ﬃﬃ
ﬃ
Xhb ðf Þ ¼ K0 h2c m
with
K
¼
(12)
0
h2 m
nhc Slin
1 þ c pﬃﬃð2if Þ0:5
a20 E

Here, the hair cell related parameters are separately
taken together in the factor K0 . This shows that the magnitude of sensitivity at
pﬃﬃﬃ pﬃﬃﬃﬃﬃ
frequencies below f0 , equals: jXhb ðf Þj ¼ h2c m K0 2f . This means that it increases with the square root of frequency. This logarithmic slope of 0.5 occurs because of the boundary layer along the skin and is further only proportional to the square of cupula length
2 pﬃﬃﬃ
times the square root of viscosityp(K
ﬃﬃﬃ 1 ¼ hc m). At frequencies beyond f0 the magnitude is frequency independent (i.e. ﬂat) and
2
simply given by: jXhb ðf Þj ¼ K0 a0 E. This means that
the high frequency section is only proportional to the square of cupula radius
pﬃﬃﬃ
times the square root of Young’s modulus (K2 ¼ a20 E). Therefore, in terms of K1 and K2 (and hair cell dependent K0 ) hair bundle
displacement is:
Xhb ðf Þ ¼ K0 K1

ð2if Þ0:5
1 þ KK12 ð2if Þ0:5

:

(13)

An emerging interesting property of the template SN model is that the four physical parameters a0 , hc , E, and m thus appear only
in two independent groups: K1 and K2 . Speciﬁcally, K1 selectively governs the low frequency sensitivity, whereas K2 selectively determines high frequency sensitivity. Half their ratio squared equals the cut-off frequency (0:5ðK1 =K2 Þ2 ¼ f0 ), separating the low- and
high frequency regions.
So, when the sensitivity is to be increased over the complete frequency range with the same factor, say F,pthe
ﬃﬃﬃ only way to accomplish this when only varying cupula dimensions, is to increase both radius and length with the same factor F , thereby keeping the
cupula aspect ratio constant. Of course other combinations are possible if E and m are (co)varied, changing their ratio. In general, K1
and K2 should be increased with the same factor N, for an N-fold sensitivity increase.
Summarizing, apart from the hair bundle inﬂuence (K0 ), cupula signal transfer to the hair cells can be expressed by only two
independent parameters K1 and K2 , which are separate, informative, and non-interfering combinations of the four elementary physical parameters a0 , hc , E, and m.

Comparing the Full and Template Superﬁcial Neuromast Model
In Fig. 3 frequency responses (magnitude and phase) are compared of the “full” analytical one beam model (solid lines) with that of
the template SN model (dotted lines) for variations in cupula height and radius for various values around previously reported
average values (Pirih et al., 2014; Van Trump and McHenry, 2008).
Fig. 3A and B show that extending the length of a SN cupula enhances the low frequency response sensitivity; the cupula extends
beyond the boundary layer, picking up more information from the free stream ﬂow. When the cupula radius is increased, Fig. 3C
and D show that it does not affect the low frequency behavior but selectively enhances the high frequency sensitivity. Increasing
simultaneously cupula height and radius (as in Fig. 3E and F) keeping the aspect-ratio constant (hc =a0 ¼ 10), increases the sensitivity of both the low and high frequency regimes.
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Figure 3 Comparison between hair bundle sensitivity for different SN cupula heights and radii. Subﬁgure A and B show for 50 mm (height) the full
analytical one beam model (solid lines) with the template model (dotted lines). Subﬁgure C and D show the same for 5 mm (radius). Subﬁgure E and F
show the same with constant aspect ratio of h c =a 0 ¼ 10. The black lines denote the standard parameters, the legends list the values of a 0 and h c
respectively.

Complementarity of Canal Neurmasts and Superficial Neuromasts in Level-Frequency Input Space
In van Netten and McHenry (2013), detailed comparisons of frequency responses to external (free stream) ﬂow are shown. The
related sensitivities in terms of cupula displacement per free stream ﬂow velocity of both types of neuromasts were signiﬁcantly
different.

Flow and Sensitivity Regimes
Signal-to-noise properties of hair cells, partly based on assumptions regarding displacement threshold detection by hair cell difference underlying both types of neuromasts, led to the conclusion that the threshold of CN hair cells is one order of magnitude lower
(0.2 nm) than the threshold of SN hair cells (1.7 nm) (van Netten and McHenry, 2013). Saturation of hair cells has been assumed to
be limiting at 500 nm, a value estimated from a diversity of hair cell input output curves (van Netten et al., 2003).
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In addition, observations on CNs’ electrophysiological responses suggest that the transduction machinery adapts to DC, and low
frequency stimuli (Wiersinga-Post and van Netten, 2000), a mechanism ﬁrst described in frog saccular hair cells (Eatock et al.,
1987). High-frequency cut-off of the two hair cell types may also differ. A more complete discussion on presumed hair cell characteristics is given by van Netten and McHenry (2013).
The different CN and SN ﬂuid-structure interaction leads to the sensitivities discussed in the previous sections. Combined with
the limits of cupula displacement detection set by the hair cells then demarcate the speciﬁc areas in the level-frequency space in
Fig. 4. Although speciﬁc examples of CNs and SNs were compared, Fig. 4 shows the different level and frequency combinations
for CNs (red) and SNs (black) and the complementarity of the two types in level-frequency space. The ﬂow velocity on the ordinate
refers to free stream peak velocity.

Upscaling the Neuromast
Based on the results of the preceding section on the template SN model, it may be concluded that upscaling of a neuromast’s size
would increase its sensitivity. A similar conclusion may be drawn from the description of the CNs responses, where the low
frequency sensitivity of a neuromast scales linearly with cupula radius a.
Upscaling, however, may also introduce detrimental effects. Apart from producing additional and usually unwanted resonance
behavior as reﬂected in the proportional increase of the resonance number Nr (see Eq. 6). Another severe disadvantage of such
6
a strategy could be related to the adverse effects of a high nonlinear Reynolds number (ReNL ¼ raV
m y10 a for DC or low frequency
1
water ﬂow 1 m s ). For a SN with a typical radius of 5 mm, we thus obtain a Reynolds number of about 5. A large neuromast with
a typical size of the CN of the ruffe (in the order of a mm), would have a nonlinear Reynolds number of about 1000 at 1 m s1.
However, such a Reynolds number would most likely render the neuromast useless for sensing, since it would create its own vortices
at a level higher than its upper limit of sensitivity caused by hair cell saturation (Fig. 4). By being embedded instead in a canal,
a larger CN senses a very limited amount of DC or low frequency ﬂow even when subjected to 1 m s1 external ﬂow, while still
being sensitive to low level high frequency ﬂuid vibrations due to its larger size (Engelmann et al., 2000).
In engineering terms, building large neuromasts to boost sensitivity may prevent their proper detection in high level DC ﬂow
regimes, creating vortex induced sensor vibrations at frequencies given by the Strouhal number. Such a high sensitivity, however,
may be advantageous when properly ﬁltering away high level DC and low frequency ﬂow via situating a large neuromast in a constricted canal that does not attenuate the external high frequencies. As will be seen in the following part of this chapter, building
upscaled, and consequently more sensitive ANs, may nevertheless be useful in restricted environments that do not contain large
low frequency components, for instance if utilized for source localization of moving objects.

Modeling an Upscaled, Bio-Inspired Artificial Neuromast
In previous sections, we described a model for the sensitivity for a CN, which is comprised of a gel-like cupula structure encapsulating a population of hair cells. In this section, we list current AN implementations, and focus on upscaling the bio-inspired
mechanics applied to a 2D-sensitive all-optical neuromast (Wolf et al., 2018).
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Figure 4 Complementary level-frequency input space in which CNs and SNs operate. Limits of the indicated areas, resulting from hair cell detection
properties in combination with neuromast sensitivities, are explained in the text.
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Artiﬁcial Neuromasts in Literature
Several ANs, or rather bio-inspired ﬂow sensors, exist; ranging from a bio-mimicked scale of several mm’s to a supra-biological scale
of several cm’s. For a recent overview see (Jiang et al., 2019). These ANs and arrays for ﬂow measurements and imaging, have been
developed using various methods, including hot wire anemometry (Pandya et al., 2006; Yang et al., 2006), lamella mechanical
micro sensors (Fan et al., 2002), soft polymer membranes (Kottapalli et al., 2015; McConney et al., 2009), ionic polymer-metal
composites (Abdulsadda and Tan, 2012), optical gates (Kaldenbach et al., 2019; Herzog et al., 2015; Klein and Bleckmann,
2011), and direct pressure sensing (Chambers et al., 2014; DeVries et al., 2015; Lagor et al., 2013). Most of these mentioned systems
are microscopic in nature with their ANs having dimensions in the mm to mm range, similar to their biological inspired counterpart.
While being a young ﬁeld of research, the number of sensor technologies and their applications are steadily growing.

Upscaling Bio-Inspired Artiﬁcial Neuromasts
Recently, a novel technology has been used to create an upscaled, all-optical, and 2D-sensitive ANs (Wolf et al., 2018). While the
optical sensing technology is described in the All-Optical Strain Sensing section, we ﬁrst consider the nature and effect of upscaling
the neuromast dimensions, to conclude whether upscaled sensing would be effective. This sensor consists of a ﬂuid-force-recipient
sphere and a ﬁber structure. The proposed sensor design visually resembles a combination of both SNs and CNs, but functions as
a CN in the sense that we assume in our model that the ﬂow velocity generated ﬂuid force only acts upon the sphere where elastic
coupling is provided through the optical ﬁber structure.

Fluid Flow Sensitivity
Since the sensor is modeled after a CN, we can also model the ﬂuid sensitivity with the model for CN’s described in section, Eq. (6a)
and (van Netten, 1991, 2006). We do, however, make one alteration; while the cupula structure is assumed neutrally buoyant with
the same density as the ﬂuid medium, we allow the artiﬁcial spherical element to deviate in density. This novel buoyancy component allows increasing the frequency range in which the AN is sensitive. This leads to a description of the sensitivity to ﬂuid velocity
(Wolf et al., 2018):
 2
pﬃﬃﬃ
1 2 ð1 þ iÞ f
1
þ
þ 13 i fft
2
1
ft
Sv ðf Þ ¼
;
(14)
3


pﬃﬃﬃ

  2
2pft
2
Nr þ i fft  12 2 ð1  iÞ fft
 29 b þ 12 fft
where the novel buoyancy component is given by the ratio of the density of the AN sphere and the density of water (b ¼ rn = rw ) and
the two other parameters (Nr ¼ Karw =6pm2 and ft ¼ m=2prw a2 ) remain unchanged from the Canal Neuromast Model section.
Here, the sensitivity Sv ðf Þ is deﬁned as sensor tip deﬂection (m) per ﬂuid ﬂow (ms1). This sensitivity depends on the resonant
properties of the sensor in water, and is therefore also frequency dependent.
When we upscale the AN, both the transition frequency and resonance number are affected. The size of the “cupula” affects the
transition frequency, which effectively shifts the frequency response shape. In this case, a bigger sphere will cause the transition
frequency to be lower. The bigger ﬁber structure strictly affects the bending stiffness K. Having a taller structure decreases the resonant behavior, but a thicker structure increases both the resonance frequency as well as the resonance amplitude peak. While these
can affect the sensitivity negatively, there are some beneﬁts to upscaling the structure. The taller structure allows the tip of the sensor
effectively escape the boundary layer effects, being less affected by the ﬂuid ﬂow speed gradient near the sensor base surface.
Secondly, the structure may also be made stiffer to cope with higher speed ﬂows.

Validating Analytical Fluid-Structure Interaction Model
Fig. 5 shows the constructed sensor as well as a cross section of the ﬁber structure. The model has been conﬁrmed with the dimensions of the sensor described in Wolf et al. (2018), but in this chapter, we present measurements (Wolf and van Netten, 2016) that
further demonstrate that this bio-inspired cupula-sensitivity model accurately holds for macro-structures.
Fig. 6A shows the measured frequency response (and respective ﬁts) for a sensor that is clamped at varying heights, shifting the
cantilever point of operation. As can be seen, a shorter sensor will increase the resonant behavior, and decreasing the sensitivity at
lower frequencies.
The frequency response curves of four different hydrodynamic environments are shown in Fig. 6B, which demonstrates the beneﬁcial effect of increasing the viscosity. Here, we kept the temperature constant using a Peltier cooling element, and varied the
viscosity of the ﬂuid by mixing different ratios of water and glycerol (Cheng, 2008). The advantage of a glycerol mixture is that
the density of the ﬂuid hardly increases (25%) while we vary the viscosity three orders of magnitude.
While the resonance peak in water (black) is quite strong, an increase of 10 (blue) or 100 (purple) already reduces this resonance peak and increases sensitivity at lower frequencies. Increasing the viscosity of the ﬂuid medium therefore results in an expected dampening of the resonant behavior of the sensor unit and increased low frequency and DC sensitivity. As a result, the
frequency responses have a tendency to show more ﬁrst order low pass characteristics rather than resonant second order behavior.
While this effect has been shown to work on a smaller scale (Herzog et al., 2015), we show here that these derived sensing principles
on the small scale, translate well to an upscaled sensor design. Furthermore, the resonant effects of upscaling sensor designs can be
averted by increasing the viscosity of the medium.
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Figure 5 The all-optical AN (left) has a height of 64.8 mm and spherical body radius of 4.00 mm. The ﬁber structure is glued into a 3D printed
block, allowing four separate outgoing optical ﬁbers. On the right, a phase contrast image of a polished sample of the cross section of the ﬁber
structure. Four ﬁbers are embedded in an adhesive matrix. In the two ﬁbers on the right, the core is made visible by propagating white light in the
ﬁbers to illuminate the core (Wolf et al., 2018).
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Figure 6 Measured frequency responses and ﬁts for an AN. Shown are the effects of ﬁber structure lengths (A), and the effect of viscosity (B) on
a single sensor. Adapted from Wolf and van Netten (2016).

Comparing the FR of Artificial and Biological Neuromasts
We can compare the results of this AN to measurements of ﬁsh neuromasts. Speciﬁcally shown here in Fig. 7, are the frequency
responses for the ruffe CN and the African knife ﬁsh CN (Wiersinga-Post and van Netten, 2000). In a similar fashion, both neuromast responses show some resonant behavior, albeit at higher frequencies. For the ruffe, we ﬁnd ft ¼ 10 Hz, Nr ¼ 64, b ¼ 1; and for
the African knife ﬁsh we ﬁnd ft ¼ 70 Hz, Nr ¼ 20, b ¼ 1 (van Netten, 2006). This aligns with the observation that the cupula structure of African knife ﬁsh is observed to be about 40% smaller than those found in ruffe. For the latter, we therefore expect a higher
resonance frequency at the cost of sensitivity, 116 Hz compared to 460 Hz.
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Frequency response of the ruffe CN and the African knife ﬁsh CN. Adapted from van Netten (2006).
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As a side note, the dimensions and measured stiffness of the neuromast predict a higher resonance than observed, which may be
the result of the ﬂuid interacting with the canal structure. As shown in Fig. 6B this effect may be effectively considered as increased
viscosity.
Compared to the upscaled all-optical AN (ft ¼ 0.02, Nr ¼ 7,104 , b ¼ 0.05) we ﬁrst see that the bandwidth, and therefore
frequency mapping, are quite different. Both the transition frequency and resonance frequency (14 Hz) are substantially lower,
due to the increased diameter of the AN sphere. Compared to a diameter of 0.6 mm for the ruffe, with a 4 mm sphere, the balance
between the viscous drag forces and inertial forces, that dampen and enact the sensor respectively, is shifted in favor of the latter. The
biological counterparts therefore display less resonant behavior, signiﬁed by the lower resonance number Nr and the higher transition frequency, causing viscous damping forces to dominate.

All-Optical Strain Sensing
While the sensitivity of the AN can be described via the deﬂection of the sensor, we provide a short overview of the all-optical
sensing principle, which, in combination with the analytical frequency response, enables optimizing the sensor structure geometry
for sensitivity (Wolf et al., 2018).
The all-optical sensor functions are critically different from the optical read out sensors as used in e.g. (Kaldenback et al., 2019;
Herzog et al., 2015; Klein and Bleckmann, 2011), since these read-out sensors transmit a light beam that is detected via a light
bundle position detector (PSD), at the other side of a canal structure. Therefore, both sides of the canal structure require electrical
power to function.
The all-optical sensor however makes use of a sensing principle that works on strain in an optical ﬁber and only requires a remote
connected laser to function. These sensors can be interfaced with over tens of kilometers, with only a power source required at the
start of the optical ﬁber, a beneﬁcial property for a submerged sensing system.
Fig. 8 shows a schematic representation of the sensor structure and illustrates the workings of the functional element in the sensor;
the Fiber Bragg Grating, or FBG. When a broadband laser is coupled into the ﬁber, these functional elements only reﬂect back a particular wavelength, the Bragg wavelength. This wavelength is determined by the spatial distance between the individual gratings (capital
Lambda in the ﬁgure). When the ﬁbers stretch or compress, so do the gratings, resulting in a shift of the Bragg wavelength. Via a series
of conversions, this Bragg wavelength shift encodes ﬁber strain, ﬁber structure deﬂection, and ﬁnally ﬂuid velocity (Wolf et al., 2018).
The amount of generated strain varies throughout the ﬁber structure. When the sensor is deﬂected, the center does not experience
any strain, while the extremities of the cross section elongate and compress the most. The positioning of the ﬁber cores within this
ﬁber structure may therefore be optimized. At ﬁrst, it may seem that placing the ﬁbers further away from the center, in turn
increasing the diameter, is beneﬁcial, as it increases the measured strain per unit deﬂection. This would however also increase
the stiffness, leading to less deﬂection per unit ﬂuid velocity. Since both the bending mechanics and ﬂuid ﬂow sensitivity (Eq.
14) can be described analytically, this particular sensor structure can be optimized for sensitivity. Wolf et al. (2018) ﬁnd that for
low frequency (<10 Hz) sensing, the closest ﬁber packing is optimal for this structure.

Neural Networks and Their Relevance to Lateral Line Information Processing
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The information provided by both biological lateral lines and artiﬁcial lateral lines becomes more useful when its data is processed
and interpreted to perform meaningful behaviors, such as obstacle avoidance, object identiﬁcation, or object localization.
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shift. Adapted from Wolf et al. (2018).
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Neuronal Lateral Line Information Processing
While the peripheral processing of the lateral line system has been reviewed extensively (Chagnaud and Coombs, 2013), and progress is made on localizing brain processing regions vital for central processing (e.g. Butler and Maruska, 2016), the functioning of
such a system is not yet fully understood (Fig. 9).
The ﬁrst processing step concerns the neuromasts themselves and the transition from ﬂuid ﬂow to spiking action potentials. Hair
cells with opposite morphological polarization pair up; this stair-case formation makes the neuromast sensitive in a single axis
(Bleckmann et al., 2004). Both populations are separately innervated by afferent nerve ﬁbers. As a result of this separate innervation,
the lateral line system is using what can be referred to as rectiﬁed input sensing.
Concatenating the information from the array of neuromasts populating the lateral line, we obtain spatial excitation proﬁles,
evidenced by physiological measurements on the lateral line system (Coombs and Conley, 1997b; Curcic-Blake and van Netten,
2006; Franosch et al., 2005). These excitation proﬁles encode not only the local ﬂuid environment, but can also be used to reconstruct the relative location, size, speed, and shape of a source. For ﬁsh lateral line systems, several descriptions exist that analytically
describe the excitation proﬁles resulting from a vibrating (dipole) sources, which has recently been extended for 2D-sensitive ANs
(Wolf and van Netten, 2019a).
The excitation patterns, or rather velocity proﬁles, as depicted in Fig. 10 show the spatial properties with respect to a relative
location of an object to the center of a sensor array. For instance, when increasing the distance y to the array, the measured proﬁle
undergoes spatial broadening which, next to the decreased magnitude, encodes the object distance.

Artiﬁcial Lateral Line Signal Processing
Several methods have been devised for localizing a source, based on the measured or simulated excitation or velocity proﬁles. Methods
such as the Continuous Wavelet Transform, based on the wavelet nature of the proﬁles (Curcic-Blake and van Netten, 2006), the estimations resulting from spatial descriptors of the curves (Franosch et al., 2005), as well as several other methods including GaussNewton (Abdulsadda and Tan, 2013a), beamforming (Dagamseh et al., 2010; Nguyen et al., 2008), and template matching (Yang
et al., 2006) all produce meaningful results. They are however not very plausible explanations of the biological processing occurring
in the central nervous system. Most of these methods either require an extensive library of stored examples, computation-heavy operations, or a complete description of a so-called forward model, fully describing the hydrodynamic environment.
A different approach for information processing can be found in another bio-inspired method: the Neural Network. Several variations of this class of machine learning methods have been used for processing artiﬁcial lateral line data to detect, localize, and/or identify objects in quiescent (still) or moving water (see the Neural Networks Applied to Artiﬁcial Lateral Line Data section further ahead).
Before looking into the results of these studies, we ﬁrst brieﬂy outline general principles, nomenclature, and pitfalls for neural networks.

A Brief Introduction Into Neural Networks
At their core, neural networks are abstract representations of biological neurons, as found in the central nervous system. Information
carrying processes, such as inhibitory and excitatory connections between neurons, the ﬁring rate, and learning are represented in
artiﬁcial neural networks. Broadly speaking, all neural networks follow a similar paradigm, where the neurons (or the complete
networks) are trained to reproduce an input-output relation: a curve or line. This curve is then either used as a regression, mapping
input to an expected or desired output value, or it is used as a decision boundary between populations for classiﬁcation.
The simplest neural network, the Perceptron, creates a single output from multiple inputs. Its output depends on a linear transformation of the inputs, varying the contribution of each input via a set of input weights, usually followed by a non-linear activation
function. These Perceptrons can be combined into a structure called the Multi-Layer Perceptron (MLP), where in between the inputs
and the output Perceptron(s), a hidden layer is formed. The hidden layer and non-linear activation functions combined enable the
resulting neural network architecture to learn more complex input-output mappings. Moreover Hornik (1991) has proven that the
MLP obeys the universal approximation theorem and is therefore a general function approximator. Other neural network architectures are usually described as variants from this MLP structure.
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Figure 9 The left scheme (A) shows a CN with different afferents for back and forward ﬂow. This is highlighted in (B) where the magnitude of the
normalized action potentials are shown. Images adapted from Bleckmann et al. (2004).
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Figure 10 Velocity proﬁles resulting from an object (x , y , 4) moving in direction 4 on location x , y . The black V x resembles the excitation
patterns described in earlier research, the ﬂow direction parallel to the ﬁsh. The V y component is the orthogonal component from the plane
projected from the object to the lateral line. Adapted from Wolf and van Netten (2019a).

Training, Testing, Validation, and Over Fitting
Neural Networks, and their adjective variants such as “deep” and “convolutional”, can be made arbitrarily complex and thus quite
powerful. As with any other regression or ﬁtting method, there exists a risk of overﬁtting or under ﬁtting. When reporting neural
network performance scores, the ratio between training, testing, and validation scores signiﬁes the generalizability of the neural
network, i.e. how well it could perform on a similar, but novel data set.
Before training a neural network, one needs to ﬁnd a balance between the available data and the size/complexity of a neural
network in terms of trainable parameters, which in most cases are the trainable weights. If there are more trainable parameters
than available examples to learn from, the network risks storing the examples, rather than learning patterns from the data: causing
overﬁtting. Conversely, when the network structure is chosen with too little trainable parameters, it may not be able to capture the
underlying mechanics or patterns from the data: causing under ﬁtting. To determine whether either is occurring, one should use
a validation set to determine a sensible network structure. This validation set is a subset of the data, and should be only used
for this optimization step.
The neural network can be trained on a subset of the dataset, called the training set, while monitoring the performance on the
validation set. Training is the process of iteratively adapting the trainable weights of the network to minimize the error between the
current and desired outputs. For the MLP, this is usually done via backpropagation, where the error of one or multiple examples is
determined, and this error is used to adapt the weights between the output and the previous layer. Once a network architecture is
trained, the ratio between the score on the training and validation set informs whether the network complexity is adequate; ideally,
this ratio is close to 1.
For reporting the ﬁnal performance, it is common to use a third set, the testing set, which has not been fed to the network before.
There are two main criteria for determining whether the obtained score on the testing set is reliable. Again, via the ratio or difference
between training and testing error, one can get a measure of the generalizability of the network. The training error is however not
always reported. More often, the performance is reported using an N-fold cross validation scheme, where the whole data set is
divided in N subsets, and rotating the role of each set (training, testing, or validation). This allows reporting the testing score statistics, such as the average and standard deviation across the N “folds”.

Neural Networks Applied to Artificial Lateral Line Data
Finally, we combine and discuss here the works in which neural networks were used to process artiﬁcial lateral line data. We discern
between the task of classifying and the task of regression, where certain (continuous) parameters are estimated.
Most works on hydrodynamic imaging with (artiﬁcial) lateral lines focus on the localization of objects, which is usually
described as a regression problem, determining the relative coordinates and/or direction of motion of a source. The MLP has
been used on several occasions for localizing a (dipole) source in a 2D plane (Abdulsadda and Tan, 2013b; Boulogne et al.,
2017) or within a 3D volume (Zheng et al., 2018) near the array.
A variant of the MLP, the ELM, is similar in its structure, but the weights from the inputs to the hidden layer are ﬁxed after
random initialization. With only the hidden-to-output weights to train, this reduces the number of trainable parameters, while still
providing complexity. This type of network is easier to optimize and faster to train. The ELM has been used to localize both vibrating
dipole (Wolf and van Netten, 2019b) and moving objects (Wolf and van Netten, 2019a, 2019b; Wolf et al., 2019).
Another type of network, the recurrent neural network, has also been used for localizing moving objects (Wolf et al., 2019).
These recurrent neural networks differ from the MLP in the sense that these are not time-invariant. Weights from a (hidden)
node do not strictly connect to the next layer on the current time-step, but may also connect to itself or previous layers at the
next time step, allowing temporal loops and internal dynamics. These networks therefore depend on time-series as inputs,
producing an estimate for each time step.
Recently, a convolutional neural network (CNN) has been used in combination with two simulated parallel artiﬁcial lateral lines
to determine the position of two moving objects simultaneously within a 3D bounded volume (Wolf et al., 2020b). This type of
network naturally emphasizes the spatial features present in the data, which makes it suitable for processing artiﬁcial lateral line
data.
For the second type of neural network predictions, classiﬁcation, there are some reported examples that used neural networks to
classify sources of sensed artiﬁcial lateral line data. In most cases, a MLP was used. In (Ristolainen et al., 2018) the authors describe
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an experiment in which a sensor array is used to measure three distinct hydrodynamic environments. Via a set of features and a MLP
classiﬁer, they were able to discern these three locations based on the hydrodynamic environment. In (Liu et al., 2018) two differently shaped objects (a circle and square) were moved along an artiﬁcial lateral line. From the measured velocity proﬁles, they were
able to discern between the two. Additionally, Colvert et al. (2018) use the MLP to discern between three modes of von Kármán
vortex streets, resulting from the interaction between a ﬁsh-body shape and an imposed freestream ﬂow. Recently, an ELM has
been used in combination with features of the ﬂow to discern between ﬁve different shapes towed past an artiﬁcial lateral line
(Wolf et al., 2020a).
While some of these network architectures show biologically plausible mechanisms, such as activation functions and summing
of weighted inhibitory and excitatory connections, they remain abstractions. While it is useful to know that e.g. a 100 node neural
network can adequately locate a source based on artiﬁcial lateral line data to determine the complexity of a task, it is no guarantee
that it mimics the processing of the central nervous system.

Concluding Remarks
We have seen common features and differences in modeling both biological lateral line ﬂow detectors as well as biomimetically
designed and constructed artiﬁcial ﬂow sensors. Effects of pivotal biophysical parameters, such as size, shape and structural properties of cupula matrix and ﬂuid viscosity, have been identiﬁed. Complementarity with regard to detectable ﬂow levels and
frequency ranges of CNs and SNs shows how these different parameters may be utilized in nature to perform different detection
tasks.
For each of the two types of neuromasts it was shown how the diverse physical parameters combined to a reduced number of
parameters, which completely determine the important features of their dynamic behavior.
Designing and building ANs has beneﬁted from the knowledge obtained from studying biological lateral line ﬂow sensors and
also allowed additional features to be introduced to enhance the frequency response. The particular 2D-sensitive AN described here,
merely modeled as a CN (Eq. 14), in addition also has bending- and ﬂow receiving properties along the supportive mast, similar to
the elongated cupula of a SN. For modeling this AN, the latter force contributions could be neglected in comparison to that on the
force recipient sphere with typical dimensions of a centimeter.
Upscaling an AN’s size as a strategy to enhance its sensitivity has been shown to work: typical displacement sensitivities in
response to a mm/s local ﬂuid ﬂow are, 8 nm for an SN (radius of 5 mm), 200 nm for a CN (radius of 300 mm) and 30000 nm
for an AN (radius of 4 mm). Of course the displacement of the biological cupula is detected by sensory hair cells. For ANs suitable
and sensitive other means have to be chosen, as for instance an optical detection technique for measuring stress, as utilized in the
2D-optical sensor described. Disadvantages of upscaling were identiﬁed in a more pronounced resonance behavior and in terms of
introducing more susceptibility to nonlinear ﬂuid behavior, especially when exposed to high level low frequency- and DC ﬂow. In
nature, the latter drawback has most likely been counteracted by shielding large (canal) neuromasts from DC and low frequency
ﬂow, while retaining their high frequency performance. Also submersion into a high viscosity medium may help to reduce both
unwanted effects.
Finally it has been shown that the use of artiﬁcial neural networks may help in realizing proper signal processing for hydrodynamic imaging. It is expected that more features similar to those found in biological ﬂow detectors will be used to help the development of optimized adaptations of artiﬁcial lateral line systems for speciﬁc ﬂow sensing tasks.
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